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Abstract 
 

Consider a situation when a customer looks for the optimal price versus quality combination 

to book a hotel room on the Internet. There are numerous online distribution channels 

(intermediaries) where a person can order a room with desired characteristics. The task of this 

paper is to develop certain pricing models that would be used to set an optimal hotel room 

price for any intermediary and for any type of stay. Thus, the central question is: by what 

means can a lodging company react swiftly to the changing situation at the online distributer 

and set the prices accordingly? This problem is important and relevant for two reasons. First, 

my associate company is developing product Y that will have a function to manage online 

prices in the hospitality industry. Second, this topic relates to the revenue management 

discipline that is currently on the verge of the paradigm shift from the long- to the short-term 

pricing. Achieved results suggest the particular pricing methods for how lodging services can 

be evaluated on the short-term basis. 

 

Econometric techniques were a fundamental tool for the empirical analysis. I have used the 

ordinary least squares (OLS) method to estimate the parameters in the linear regression 

models. Two types of data were at disposal for this purpose: prospective information for 

several hotels from an online intermediary Booking.com and historical information provided 

by two hoteliers. The key finding that shaped the final results and basically the whole 

structure of the paper was the simultaneity bias problem. I have chosen and tested two ways to 

deal with this issue: the instrumental variables with the two-stage least squares method and 

the autoregressive integrated moving average (ARIMA) technique. The ultimate results put 

forward two pricing options. First is the pooled cross-section data approach where various 

explanatory variables are used and instruments are applied to control for the endogeneity. 

Second is the time series method that has only the lagged values of the regressand as 

independent variables. The first way is explanatory and the second one – descriptive. The 

implications of these results are straightforward: developed pricing methods can be used as a 

function of the particular product Y and they give the specific ideas for scholars in the 

revenue management science on how online prices might be determined. 
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1 Introduction 
 

In this very first part of the paper, I familiarize the reader with the area of research and define 

the scope and the boundaries of my study. Next, I explain what the motivations for this work 

are and elaborate on the background information, the data sources and the methodology.    

 

1.1   Preface 

 

Pricing a product or a service is one of the key decisions a company has to make. Hospitality 

industry and more specifically the lodging business is not an exception. Every hotelier needs 

to set its room rates in such a way that it would reap the consumer surplus but would not lose 

the competitive advantage against the rivals.  

 

Nowadays, firms take advantage of the revenue management (also known as the yield 

management) systems that address the problem of finding the optimal price. These systems 

could be perceived as a set of procedures developed to maximize profits from a fixed and 

perishable resource, e.g., airline seats or hotel room reservations (Wikipedia 2010, Yield 

management). Moreover, they are put into practice using various information technologies. 

 

Revenue management solutions were first applied in the airline industry in mid 1980s and 

later spread to other businesses. The hotel industry was one of the first ones to have adopted 

the yield management practices. The classical approach of these techniques was to set room 

rates for the long-term horizon (a quarter, half a year, etc.) and to change availabilities on a 

short-term basis (daily, weekly, etc.). 

 

In recent decades, online distribution channels (or intermediaries), such as Booking.com, 

Expedia.com, emerged. These systems provide a list of all lodging possibilities for a chosen 

place and for a specific period of time. Consequently, there appeared a need for certain 

methods that would help to readjust room rates rapidly according to the current situation at 

these intermediaries. That is where my work contributes to the yield management discipline. It 

offers the concrete pricing models for hoteliers offering their services via online distributers. 

 

 



6 
 

1.2 Delimitation and scope of the paper 

 

The main research question that my whole paper hovers around is the following: how to set an 

optimal hotel room price for an online intermediary? Although there are different 

classifications of distribution channels, I am referring here to the third party online booking 

systems, such as Booking.com or Expedia.com. Whereas by the room price I mean a price for 

a hotel room for any length of stay and any arrival date. Hence, the goal is to develop a model 

or models according to which a hotel could set a room rate for any online intermediary.    

 

Due to the data limitation I cannot observe hotels’ marginal costs. Therefore, I am not aiming 

for the revenue maximization solutions. Even though room price is one of the key variables to 

maximize the profits, there are other important factors, like availabilities allocation for 

different channels or pricing additional services (bar, golf, etc.). All of them are out of my 

reach and therefore the results of my paper do not necessarily imply the maximum revenues.      

 

There are also some issues regarding price discrimination, namely rate parity, availability 

parity and best price assurance across online intermediaries. Gazzoli, Gon Kim and Palakurthi 

(2007) point out that these matters must be considered by every hotelier that differentiates 

among its clients by setting different rates and availabilities for each distribution channel. 

However, I do not deal with this topic and leave it for a potential follow-up on my work. 

 

1.3   Motivation 

 

There are two major inspirations for my work. First, the outcome is directly applicable to the 

particular product that my partner company is developing. Second, it contributes to the 

revenue management science that is currently undergoing certain changes. I will concisely 

clarify why this contribution is necessary in both cases. 

 

The product I mentioned will involve a function that hotels could use to set an optimal room 

price for any online distribution channel they cooperate with. See appendix 1 for how a 

similar application developed by a company eRevMax looks like. In order to have this 

function, certain pricing methods have to be created. The complicated and at the same time 

distinguishing aspect of my work is the peculiarity of the data that are accessible.  
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Price optimization topic is widely covered in various social sciences. One of them is the 

revenue management (RM) discipline. Optimal price is one of the necessary conditions to 

maximize profits and that in turn is the ultimate goal of this science. Traditional RM solutions 

address pricing as a long-term decision. However, with the emergence of the online 

intermediaries hotels must react instantly to their rivals’ actions. Therefore, there is a need in 

the RM area for the pricing methods particularly in case of the online distribution channels. 

 

Furthermore, there are some products available that benchmark and update online rates and 

availabilities; for example, RTAllocator by eRevMax or ChannelDirect by TravelCLICK. 

Nevertheless, most of them are rather elaborate and expensive. Thus, not every hotel can 

make sufficient investments. More to it, pricing techniques that these companies are using are 

not open for the public and therefore do not contribute academically.  

 

Lastly, the application area of my work, i.e., the hospitality industry, is to some degree 

unorthodox. However, the empirical analysis is based purely on the econometric techniques 

that are part of my field of expertise. Therefore, this thesis is closely related to the applied 

economics and finance studies through the research tools that are used. 

 

1.4 Background information 

 

In this section, the reader is introduced to the company I cooperate with and the product it is 

developing. Then, I explain the online intermediaries’ management place in the RM process.  

 

1.4.1    The firm and the product 
 

To start, the firm I collaborate with is a private limited liability IT company serving primarily 

Lithuanian market. It specializes in development of information systems and complex Internet 

projects and has a few years of experience. Its main clients are businesses looking for IT 

solutions. For the sake of confidentiality I shall refer to it as company X.  

 

One of the products it is currently developing is tailored for hotels and other lodging 

institutions that sell their services via Internet intermediaries. The two main functionalities of 

this product are: competitors’ prices analysis and own prices and availabilities centralized 
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management. After the completion, it is supposed to be suitable for integration in hotel’s 

general revenue management system. To be confidential I shall name it product Y. 

 

To clarify, the first functionality of this product requires rather technical input and consists of 

the functions, such as detailed reporting of rivals’ prices, preselected competitors monitoring 

in certain distribution channels, etc. Whereas the second group of functions is more 

demanding in economical sense and has the following options: setting own prices and 

availabilities on a short-term basis, information review and update for different intermediaries 

within a single window. Thus, my work is a direct benefit to this second part of the product. 

 

1.4.2    Online intermediaries and their management 
 

Besides traditional distribution channels, e.g., calls or walk-ins, hotels use electronic ways to 

reach their clients. These include Internet intermediaries, hotel chains, global distribution 

systems and travel agencies (Carroll and Siguaw 2003). The ones that product Y is dealing 

with are Internet companies, such as Booking.com or Hotels.com, where clients can get a list 

of consolidated lodging possibilities and book a stay at the same time. I shall refer to them as 

online distribution channels or just intermediaries interchangeably. 

 

Subsequently, all bookings and cancellations from different distribution channels are drawn 

into the revenue management system, whose main task is to forecast the future demand and 

based on this to set the room rates and allocate the capacities (Phillips 2005, p. 120). As the 

author suggests, classical yield management is based more on updating availabilities rather 

than prices. Therefore, pricing is normally a strategic long-term decision, whereas 

availabilities allocation is a tactical short-term task. 

 

Further following Phillips’ text (p. 120), “The Internet is much more suited to real-time 

pricing than to availability management.” Therefore, revenue management as a science is 

currently in the process of a paradigm shift. Hotels using RM systems and distributing their 

services via online intermediaries now have to update not only availabilities but also prices on 

the short-term basis, which could be daily, weekly, etc.  

 

Although my goal is to create pricing tools applicable primarily for online intermediaries, 

with appropriate adjustments they could nevertheless be used for any distribution channels. 
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1.5 Acknowledgement of the previous works and products 

 

Below, I briefly review the articles written within the online intermediaries’ management area 

and mention similar products that have been already created. However, a detailed study of the 

specific pricing techniques is left for the Theory part. 

 

1.5.1    Papers within the online intermediaries’ management field 

 

Although it is generally agreed that online pricing is important in the hospitality industry, 

there are just a few published articles investigating hotel room rates on different online 

distribution channels (Tso and Law 2005). Next, these papers, to my best knowledge, focus 

mainly on the general trends in e-distribution channels rather than pricing techniques per se. I 

shall shortly skim through these articles here and analyze pricing methods thoroughly later on. 

 

One of the reasons of online intermediaries’ success was their ability to provide lower room 

rates than those found on hotel websites or their reservation offices. Based on KPMG study 

intermediaries presented the lowest prices in 36 percent of all cases (Gazzoli et al. 2008). 

Elsayed (2006) summarized four main problems from the works of In Emmer et al. (1993), 

O’Connor and Frew (2002), O’Connor and Piccoli (2003) and Essawy (2004) that hoteliers 

face within e-channels. These are complexity of different e-distribution ways, price 

transparency dilemma, information quality and building relationships with customers (Elsayed 

2006, cited in Dabas and Manaktola 2007, p. 390).  

 

Studies by Yelkur and DaCosta (2001), Tso and Law (2005) and O’Connor (2002, 2003) 

indicate that hotels use multiple distribution channels but there is no price consistency across 

them. According to the O’Connor’s analysis of the online prices across the top hotel brands in 

mid-2000, pricing practices were neither clear, nor logical, nor consistent throughout various 

online distribution channels (O’Connor 2002).   

 

Moreover, online intermediaries are actively managed by intermediaries themselves rather 

than by hoteliers. In other words, Internet distributors set room rates on their own account. 

What is more, prices on hotel websites are usually set in advance and do not respond rapidly 

to the changes in supply in demand (O’Connor 2003).  
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Next, O’Connor argues that consumers expect lower electronic distribution costs to be passed 

on to them by cheaper room rates. However, he found no direct relationship between the 

prices offered and the costs for a particular distribution channel (O’Connor 2003, cited in Lim 

and Hall 2007, p. 333). To close, KPMG (2004) predicted that online intermediaries would 

meet more challenges as hotels were taking more control over their capacities and prices.  

 

1.5.2 Similar products developed by other companies 

 

As mentioned before, there are some products in the market that have certain functionalities to 

manage hotel room prices at online intermediaries. Company eRevMax claims to offer an 

industry benchmark solution RateTiger Suite1. It allows comparing prices, allocating room 

rates to multiple distribution channels and getting information for price optimization within 

one interface. Another product RTStrategyEngine by the same company helps to assess 

market competition and relative position in it, to set the rates and update them automatically. 

 

One more major player in this field that provides the room rate optimization service is a SAS 

company IDEAS2. It calculates the price sensitivity of the specific market segment, based on 

this calculation it evaluates the possible rate spectrum and recommends certain prices. Some 

other smaller products are ChannelDirect by TravelCLICK, Channel Management by 

EZYield.com and Exerev by Excel Hotels.  

 

Most of these products are multifunctional suites that include other services besides the rate 

optimization option. The distinguishing feature of product Y is the technical simplicity and 

lower degree of multifunctionality. As a result, it should be more financially appealing. 

 

Next, I present the data that was used for the empirical research and elaborate on its sources. 

 

1.6 Data and its sources 

 
There are two data sources that are accessible for my study. The first one is an online 

intermediary and the second one – hotels’ own databases. Regarding the first channel, 

                                                           
1 RateTiger [Web Page]. URL http://www.ratetiger.com/ratetiger/ratetiger.html [first accessed May 2010]. 
2 IDEAS [Web Page]. URL http://www.ideas.com/index.php/services/rate-optimization-service [first accessed 
May 2010]. 

http://www.ratetiger.com/ratetiger/ratetiger.html
http://www.ideas.com/index.php/services/rate-optimization-service
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Booking.com3 is used to extract the relevant information. Concerning the second channel, two 

partner hotels have agreed to provide historical data from their databases. 

 

To start with the first data source, the following hotel room characteristics are used: room 

type, price (Lithuanian litas Lt), availability and length of stay. There is an access to this kind 

of information for four hotels offering their services via online intermediary Booking.com. 

Furthermore, it is a polled data set where several hotels are listed in one spreadsheet.   

 

One more important point in reference to the first source is the time aspect. Information 

extracted from this intermediary is for the future dates up to 1.5 years in advance. For 

example, data are downloaded on the 1st of June for the same month and the next month. That 

means that I have the particular day’s (1st of June) snapshot on the situation for June and July. 

Mind you, next day this information might change since new reservations can be made or 

hotels could alter their prices. 

 

Next, data from the second source are available for the following room properties: price, room 

type, availability and length of stay. That is the same as from Booking.com. The only major 

difference is that hotels, I cooperate with, provide their historical information. For instance, 

data extraction is made on the 1st of June for the last two years. Furthermore, it is not a pooled 

data set as in the first case. Each hotel provides only its own information. 

 

Besides these particular hotel-room data also additional information are taken into account. 

They are historical daily precipitation rates used for the instrumental variable that controls for 

the endogeneity issue. I download them from the European Climate Assessment database4. In 

order to account for the macroeconomic condition, I use lagged occupancy rates in the 

hospitality industry at the state level. They are taken from the National Statistics Department5. 

 

The next section, which is the last one in this Introduction part, is dedicated to acquaint the 

reader with the structure and methodology of my whole work. 

 

 
                                                           
3 Booking.com online hotel reservations [Web Page]. URL http://www.booking.com/ [first accessed May 2010]. 
4 European Climate Assessment & Dataset [Web Page]. URL http://eca.knmi.nl/dailydata/index.php [first 
accessed May 2010]. 
5 Statistics Lithuania [Web Page]. URL http://www.stat.gov.lt/lt/ [first accessed May 2010]. 

http://www.booking.com/
http://eca.knmi.nl/dailydata/index.php
http://www.stat.gov.lt/lt/
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1.7 Structure and methodology 

 

The rest of the paper is divided into these chapters: Theory, Methods, Results, Discussion, 

Conclusions, Recommendations and Acknowledgments. Each one of them builds on the 

knowledge accumulated in the previous part. Below, I introduce every section one by one. 

 

In the first Theory part, I start with the relationship between the revenue management process 

and the pricing decision. Next, various pricing approaches are presented. Then, I introduce 

dynamic pricing in rather general terms and continue with the particular techniques. This 

chapter is closed by showing customers’ attitude towards dynamic pricing.   

 

The second Methods chapter is devoted to explain the reader by what means I intend to 

execute the empirical research. It is sectioned according to the data that are available and has 

two main parts. The first one deals with information from an online intermediary. The second 

one handles data provided by separate hotels. Both parts have further subsections in order to 

reflect more specifically on the data peculiarity and construct the pricing models accordingly.  

 

Although the next Results part flows right out of the previous one, it has a little bit different 

structure. Note that first I model certain possible solutions to my research problem and present 

them in the Methods chapter. However, throughout the course of the actual empirical analysis 

those pricing methods can change and the new ones can be formed. Thus, later in the Results 

section the reader is introduced to the outcome that includes the modified pricing techniques.  

 

To continue, I do not interpret my findings in the Results part and show only the outcome. 

The interpretation of it follows in the next Discussion chapter. All models that were derived 

and tested are compared debating upon their strengths and weaknesses. Finally, I leave the last 

part of the paper to mention the limitations of my research and suggest the remedies, as well 

as to offer some new directions as a potential follow-up on my study.  

 

The whole work is closed with the Acknowledgments section where I make certain 

recognitions of the ones that supported this thesis as a gesture of gratitude. 
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2 Theory 
 

The focus point in this part of the paper is academic knowledge of different pricing methods 

that are part of the revenue management procedures. However, I start with a holistic picture of 

the RM approach and then proceed with more specific techniques.  

 

2.1  Pricing decision in the revenue management process 

 

There are two reasons for why I chose to examine only the RM relevant pricing methods. 

First, this discipline has a direct point of touch with my research question, i.e., it addresses the 

problem of setting an optimal price in the hospitality industry. Second, by developing pricing 

models I will contribute to the paradigm shift in this science triggered partially by the 

emergence of the online distribution channels.  

 

To begin with, I benefited significantly from the book by Talluri and Van Ryzin (2005) “The 

Theory and Practice of Revenue Management”. A major part of it is dedicated to the pricing 

techniques. According to it, the RM process generally follows 4 steps. 

• Data collection. Relevant historical data, such as prices, demand, causal factors, are 

collected and stored. 

• Estimation and forecasting. Parameters of the demand model are estimated. Then, 

demand is forecasted based on these parameters. Also, other relevant quantities like 

no-show and cancellation rates are forecasted. 

• Optimization. The optimal set of controls (allocations, prices, markdowns, discounts, 

overbooking limits) is found and used until the next re-optimization. 

• Control. The sale of inventory is managed based on the optimized control. Various 

distribution channels, e.g., firm’s own transaction-processing systems or shared 

distribution systems are used. 

This whole process is normally repeated at certain points in time for certain intervals and 

involves either consistent or inconsistent movements from one step to another.  

 

Once booking limits and prices are set, allocation control (in my case, allocation of hotel 

rooms) is done via the reservation system. As shown in Figure 1, it is separate from the 



14 
 

revenue management system but closely linked to it. One of the distribution channels through 

which reservation system can allocate the rooms are online intermediaries. As bookings and 

cancellations are being made, data are sent back to the customer database so that a re-

optimization could be performed. This way, a kind of information flow loop is created.   

 

 

 

 

 

   

 

 

 

 

  

  

 

 

 

 

 

 

  

   

  

Figure 1. A schematic overview of a typical RM process flow. Source: Talluri and Van Ryzin (2005) Figure 6.3 

and Phillips (2005) Figure 6.3. 

 

Note the distinction between the RM process and the RM system. The first one is a procedure 

that includes all four steps as explained above. Whereas the latter one refers to the information 

system that analysts use to gather relevant data, forecast the future demand and optimize 

booking limits and prices. Even though resources are allocated through the reservation 

system, this entire cycle is marked in the literature as the RM process.  
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As one can see from Figure 1, pricing decisions are made at the optimization phase. Together 

with price also other attributes, such as booking/overbooking limits and discounts, are set. In 

order to apply certain pricing methods, parameters of a demand model are estimated and a 

future demand is forecasted before. To give a broader perspective, three levels of the revenue 

management decisions are pointed out in the literature. I present them in the following table.  

 

Level Description Frequency 

Strategic Market segmentation and price differentiation Quarterly or annually 

Tactical Booking limits calculation and updates Daily or weekly 

Booking control Accept or reject the bookings Real time 

Table 1. Three levels of the revenue management decisions. Source: Phillips (2005) Table 6.1. 

 

There is a slight discrepancy between the RM decisions in Table 1 and the RM steps in Figure 

1. In the latter case, price optimization and bookings allocation are both in the optimization 

phase; while in the later case, price differentiation is a strategic decision and booking limits 

calculation is a tactical one. However, my aim is to show different perspectives of the revenue 

management process (one from the procedural angle and another from the decisions point of 

view). Therefore, I pointed it out for the sake of precision but will not go further into it.    

 

The two pivotal points to be noticed are the following. First, pricing in the RM system is 

usually made after the prospect demand is forecasted. Then, customers are exposed to these 

optimal prices through various distribution channels. Second, pricing is normally a strategic 

decision and takes place once in a quarter or a year. As argued before, partially due to the 

emergence of the online intermediaries hotels have to respond quickly to the changing market 

situation and therefore price setting ought to shift from the strategic to the tactical level.  

 

Whether this shift should happen keeping the existing pricing techniques or developing some 

alternatives is a food for the further discussions. Thus, I devote the rest of the Theory chapter 

to review the pricing methods used in the RM processes. However, that does not imply that I 

shall create my models according to these exact tools. 
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2.2  Various pricing approaches 

 

There are numerous pricing techniques ranging from rigorous statistical models to common-

sense based methods. Although there is no universally accepted one, Schütze (2008) 

structured pricing strategies into three main categories. They are described below in the table. 

 

Pricing strategy Description 

Dynamic According to remaining capacity and/or market situation 

Pre-fixed constant Global single price policy or season-dependent constant pricing 

Pre-fixed mixed Increasing, decreasing, or constant pricing 

Table 2. General pricing patterns. Source: Schütze (2008) Table 1. 

 

Pricing techniques from Table 2 maximize profits by taking into account three important 

factors: customers’ willingness to pay, costs and competition. However, there are alternative 

pricing methods that focus just on one of these three aspects (Phillips 2005). I summarize 

them below in Table 3. 

 

Approach Based on Ignores Liked by 

Cost-plus Costs Competition, customers Finance department 

Market based Competition Costs, customers Sales department 

Value based Customers Costs, competition Marketing department 

Table 3. Alternative pricing approaches. Source: Phillips (2005) Table 2.1. 

 

Cost-plus pricing determines prices adding some margin on the costs. It is usually preferred 

by the finance department. However, it neglects the competition and customers’ perception of 

the product or service. Market based pricing, on the contrary, sets prices according to what 

competitors are doing but ignores costs and customers’ views. It is preferred by the sales 

people. Value based pricing calculates prices based on how clients value the product. It 

disregards costs and competition and is cultivated by the marketing department. Finally, 

companies usually use a mix of these strategies rather than one pure method (Phillips 2005). 
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In the past few decades, one pricing approach has been particularly prevalent in the RM 

practices. It is dynamic pricing (DP) that can be defined as setting the price in markets where 

prices adjust quickly in response to supply and demand fluctuations (Jayaraman and Baker 

2003, p. 470). Dynamic pricing techniques are especially useful for industries that have high 

start-up costs, perishable capacity, short selling horizon and demand that is stochastic and 

price sensitive (Bitran and Caldentey 2002, p. 2).  

 

Apparently, hotel business does fall into that kind of industry category because it has high 

start-up costs, rooms are perishable in a sense that a stay at a particular date cannot be stored 

for another day, prices are changing rapidly (at least on the Internet) and clients are price 

sensitive. Therefore, there is a need for hotels to respond instantly to the changing market 

conditions and employ tools, such as dynamic pricing.  

 

As it follows the context, I shall provide an explicit justification for why I focus in this paper 

on the revenue management and more precisely on dynamic pricing. In some general terms, 

revenue management as a discipline and dynamic pricing as a tool or a set of methods deal 

primarily with businesses that have these characteristics (Jayaraman and Baker 2003, p. 470): 

• perishable products; 

• fixed capacity; 

• market that can be subdivided based on, for example, sensitivity to price or time. 

Hoteliers are definitely exposed to all these cases and therefore I find it reasonable to 

associate my paper to the RM and devote the rest of the Theory chapter to dynamic pricing.   

 

As mentioned in the Introduction part, there are few articles focusing on pricing techniques 

particularly for online intermediaries. Nevertheless, there is an extensive academic knowledge 

of pricing methods for electronic distribution channels in general. In the following sections of 

this chapter, I survey dynamic pricing tools concentrating more on the specific techniques 

rather than literature review.  

 

In conclusion, I do not deal with estimation and forecasting problems, which are essential to 

execute any dynamic pricing method. That would open up new areas of research as broad as 

pricing itself and this is not the focus of my paper. 
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2.3  Dynamic pricing 

 

The evolution of information technologies and especially Internet has been a significant 

inspiration for dynamic pricing models mostly due to the three following reasons. First, using 

latest technologies it is possible to collect and process a lot of important information, such as 

customers’ actions, prices, competitors’ behavior, etc. This permits companies to react 

dynamically to the changing market conditions by manipulating certain variables among 

which price is one of the most important ones (Bitran and Caldentey 2002, p. 2).  

 

Moreover, the logistics of dynamic pricing is much easier for firms operating over the 

Internet. It is simpler to re-price the product or service and to inform customers about it in the 

electronic environment. In other words, costs for relabeling, explaining motives for the new 

rates, etc. are significantly reduced using e-commerce. 

 

Whereas looking at it from the customers’ perspective, online intermediaries allow them to 

get a wide array of choices with corresponding prices and that forces Internet players to 

compete even more intensively. These three reasons for the popularity of dynamic pricing are 

also a good explanation for why there is in general a tendency in the RM discipline to shift 

from the long- to the short-term pricing decisions. 

 

A study of room pricing methods performed by Schütze (2008) revealed some general trends. 

It focused on lodgings distribution via the Internet in Vienna and also gave an outlook for 

Euroland capitals. Data was taken from hrs.com (one of the most used online distribution 

channels in Germany). First, dynamic pricing was widely used by Viennese and other 

Euroland hotels on hrs.com. Second, hotels used dynamic pricing to increase the frequency of 

the price change as arrival day approached. Thus, these findings endorse the statement that 

dynamic pricing is a commonly used technique. 

 

To demonstrate the benefits of dynamic pricing graphically, I portrayed the fundamental 

microeconomic rules in figures 2 and 3. According to them both demand and supply curves 

are constant and price vs. quantity are determined by the intersection point of those two lines, 

all other things being equal. In the hotel business, capacity is fixed (at least in the short term) 

because it takes time to build new rooms. However, demand might change due to seasonality 
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or some other events. Therefore, as demand increases equilibrium price also increases and 

vice versa (Jayaraman and Baker 2003, p. 471). Figure 3 shows these equilibrium dynamics. 

 

 

  

 

 

 

 

 

 

 

 

 

  

 

 

Taking advantage of the possibility to acquire latest relevant information rapidly, hoteliers are 

able to predict demand shifts and adjust prices in response to the current situation in the 

market. That is exactly the advantage of dynamic pricing; it provides tools to re-price a 

service according to demand fluctuations.  

 

Finally, dynamic pricing is also defined as price discrimination. It means that customers are 

grouped into two or more segments with distinct demand curves and different prices are set 

for each group (Fitzsimmons 2009, What Is Dynamic Pricing?). In the literature, this would 

be referred to third-degree price discrimination. Hence, dynamic pricing is not only a rapid 

reaction to demand fluctuations but also market segmentation in order to extract more 

consumer surplus.   

 

From here on, I continue with the more mathematically specific dynamic pricing techniques 

sorted out from the academic literature.  

 

 

Eq.  
Price  

Demand  

Supply  

Quantity 

Price 

Quantity of 
Goods Sold  

Demand  

Supply  

Quantity 

Price 

Quantity of 
Goods Sold  

Increase  

Decrease  

Price, if 
demand 
is high  

Price, if 
demand 
is low  

Price, if 
demand is 
moderate  

Figure 2. Classical microeconomic model 
of static supply and demand. Source: 
Jayaraman and Baker (2003) Figure 1. 

Figure 3. Model of dynamic demand 
and fixed short-term supply. Source: 
Jayaraman and Baker (2003) Figure 2. 
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2.4 Dynamic pricing models 

 

The goal of the rest of the Theory part is to present the prevalent dynamic pricing methods at 

academic level and to conclude them by customers’ perception of differentiated prices. There 

are two papers that have dealt with this objective. The first one is the survey of dynamic 

pricing models by Elmaghraby and Keskinocak (2003) and the second one is the review of 

pricing techniques by Bitran and Caldentey (2002). 

 

The first paper is however more abstract and investigates pricing methods in a general 

microeconomics context. The next one reviews dynamic pricing models in the revenue 

management context. Since my focus is exactly on this area, I have chosen to follow the latter 

article and to present DP techniques in the same structure. As a consequence, instead of 

making a compilation of various pricing models from different sources I decided that 

presenting an authoritative work in my own words should be more constructive.  

 

To start, the general scope of revenue management is to maximize the profits and the task of 

dynamic pricing is to find solutions to this problem in terms of prices. The question that faces 

any seller is how to find a solution to the following control problem. 

 

                    ��������	 �
� ��������� �                                                                     (1) 

subject to: �� ���� � ������� � ������������  � !"� #$�                                                              (2) 

                  �� % ��#� % &��� '� (�������������  � !�� #$�                                                             (3) 

                  '�  �)� �*�����  (�+                                                                                              (4) 

 

Where, Pt – a pricing strategy at t, 

             St – a selling process at t, 

             N(t) – a cumulative demand process in [0, t], 

             C0 – an initial available capacity,               

             D(t, P, Ht) – a cumulative demand process in [0, t] at the product level, 

             Ht – an observed history of the selling process as all available information up to t, 

             ρ – a set of admissible policies,            

             M – a menu of available products. 
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Objective (1) corresponds to expected revenue from selling products or services over period 

[0, T] and stands for the basic revenue maximization problem. All considerations regarding 

initial capacity C0 are excluded. It is also implicitly assumed that the seller is risk-neutral, i.e., 

the goal in (1) is to maximize the revenues without considering variability of the output. 

Lastly, the only uncertainty in (1)-(4) comes from the demand side.  

 

Next, I elaborate on the methods to solve the pricing problem given in (1)-(4). I start with a 

separation of deterministic and stochastic models. As mentioned before, my review is built on 

the work by Bitran and Caldentey (2002).  

 

2.4.1 Deterministic pricing models 

 

Deterministic models assume that the company (seller) has all information about the demand 

process. Although it is a significant simplification, deterministic models are commonly used 

in reality because they are easy to analyze and provide good “first order” approximations6 for 

elaborate stochastic models. To be more precise, they show roughly how optimal pricing 

techniques depend on certain variables. Finally, deterministic models are the basis of the 

classic economic monopolistic pricing.       

 

2.4.1.1    Single product situation 

 

The basic model in this setting deals with a monopolist selling one product over a fixed period 

[0, T] and facing a price sensitive demand. Let the initial inventory be C and the deterministic 

time dependent and price sensitive demand be λ(p, t). Consequently, the revenue function is 

r(p, t) = p*λ(p, t) and is assumed to be concave. The revenue management problem (1)-(4) can 

be re-written as in (5)-(6). 

 

 

�,������-�.� /0 ��1��� ����
� ������������������������������������������������������2��������3456�����0 1��� ��� % ��

� � 
 

 

                                                           
6 “Orders of approximation refer to formal or informal terms for how precise an approximation is.” (Wikipedia 
2008, Orders of approximation) 

http://en.wikipedia.org/wiki/Approximation
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Let H(pt, t) = (pt - n) λ(pt, t) be the respective Hamiltonian function where n � 0 is the 

Lagrangian multiplier for (6), which has the interpretation as the marginal cost of capital 

(Talluri and Van Ryzin 2005, p. 189). The price optimality condition is given by Gelfand and 

Fomin (1963, cited in Bitran and Caldentey 2002, p. 12): 

��7 � �* �� 1����7 � ��18���7� �� ������������9��
where λp is the partial derivative of λ with respect to p (price). The same condition can be 

expressed in a different manner as marginal revenue equals marginal cost in each period. 

 

Let  5��� �� � �� :;<�8���;�8��� = be the elasticity of demand with respect to price at a certain time t. In 

this case, condition (7) means that 5���7� �� % ��>+ In other words, demand that a monopolist 

faces at its optimal price is elastic. Furthermore, the myopic7 solution ��? to (5)-(6) that 

maximizes the momentary rate of return corresponds to the following: 

 

��? ���� 1���?� ��18���?� �� �+�����������@� 
 
Thus, if the capacity constraint (6) does not exist, i.e., marginal cost is zero, then the optimal 

strategy p* (7) is the same as the myopic strategy pm (8). However, if (6) is active and 

therefore * � 0, then the myopic solution is the lower bound of equation (7). 

 

In the case of a time homogeneous demand (λ(p, t) = λ(p)), there is a fixed price solution for 

the whole selling period [0, T]. To show this, consider the following:  

 

 
pm = argmax8{p λ(p) : p � 0} – myopic price policy that maximizes the revenue, 

λm = λ(pm) – corresponding demand, 

AB is a solution to λ(AB)T = C and 1C  = λ(AB) is respective demand. 

 

 

                                                           
7 “So-called myopic policies maximize only the one-stage rewards.” (Weishaupt 1994, p. 75)  
8 “In mathematics, arg max (argmax) stands for the argument of the maximum, that is to say, the set of points 
of the given argument for which the value of the given expression attains its maximum value.” (Wikipedia 2008, 
Arg max) 

http://en.wikipedia.org/wiki/Mathematics
http://en.wikipedia.org/wiki/Parameter
http://en.wikipedia.org/wiki/Maximum
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Consequently, there are two possible solutions for the single product RM problem (5)-(6) with 

time homogenous demand. 

Ø Solution 1. Abundant Capacity: If λmT % C, the optimal price pm and the optimal 

revenue are pm λm T. 

Ø Solution 2. Scarce Capacity: If λmT > C, the optimal price is AB and the optimal 

revenue is ABC. 

Moreover, solution 1 leads to two further implications. First, the optimal price is 

nonincreasing in the initial capacity C. Second, it is nondecreasing in the selling period T. 

These situations are depicted in figures 4 and 5 respectively. 

 

 

 

 

 

 

 

 

 
Figures 4 and 5. Optimal price strategy for the single product with the time homogeneous deterministic demand. 
Demand rate is assumed to have the following form: λ(p) = (exp(p) + 1)-1. Source: Bitran and Caldentey (2002) 
Figure 2. 

 

One can see from figure 4 that there is an optimal capacity level Cm = λmT, above which 

revenues will not increase; therefore, the firm ought to set this optimal value Cm. To interpret 

figure 5, as the selling horizon increases the company gets exposed to more potential 

customers and consequently can redirect its inventory to those clients having higher 

appreciation of the product. 

 

This single product deterministic demand problem has some extensions that deal primarily 

with different variations of the demand process. One of them studied by Smith and Achabal 

(1998, cited in Bitran and Caldentey 2002, p. 14) investigates the case where demand depends 

on the price and also on the level of inventory. The point here is that demand increases as 

capacity decreases since customers have less chances to find the product they want. The 

researchers conclude optimal price conditions similar to as in (7). 

Optimal price strategy 

Optimal revenue 

                λmT 
Initial Capacity (C) 

Optimal revenue 

Optimal price strategy 

        λm/C 
                Selling Horizon (T) 
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Another extension stems from the marketing field and addresses the case of the price sensitive 

diffusion model that defines the demand process (Feng and Gallego 2000, cited in Bitran and 

Caldentey 2002, p. 14). The general idea behind the Bass diffusion model is that demand at 

time t depends on the total number of units sold previously and the amount of potential 

clients. First, it is expected that demand and price increase because of word of mouth, 

improved reputation, etc. Later, both demand and price should decrease due to results of 

market saturation and obsolescence (Bass 1969, cited in Bitran and Caldentey 2002, p. 14).  

 

Next, I turn to the case of deterministic models in more than one product environment.  

 

2.4.1.2    Multiple product situation 

 
The case when there is more than 1 product (M � 2) is less researched due to the complexity 

regarding demand correlations and product substitution possibilities. However, Wilson (1993) 

investigated deterministic multi-product models. Also, Ben-Akiva and Lerman (1985) studied 

the selection of the customers’ choice model, which is the critical problem in the multi-

product case (both authors cited in Bitran and Caldentey 2002, p. 14). 

 

Furthermore, when capacity is divided and fixed and the price of one product does not impact 

the demand for another, the multi-product pricing task becomes just a set of separate single-

product problems. The whole matter becomes much more complicated when capacity is 

flexible and can be redistributed and/or demand for a certain product depends on the entire 

range of prices, i.e., products are substitutes or complements. In the latter case, similar 

derivations to above Solutions 1 and 2 can be made. 

 

To demonstrate it, consider the time homogenous demand processes. First, let Di(P) = λi(P)T 

define the cumulative demand for product i   M having a vector of prices P = (p1,…,pn) 

where λi is the time homogenous demand. Next, let vector Λ(P) = (λ1(P),…, λn(P)) describe 

demands of different products and TΛ(P)DP be the revenue function (as primes (D) marks 

vector transpose). Furthermore, Pi(Λ) is the inverse demand function for each product i   M. 

Finally, it is assumed that P(Λ) is a continuous and differentiable function of real values and 

the revenue function P(Λ)DΛ is concave9. 

                                                           
9 “A concave function means that for every z between x and y, the point (z, f(z) ) on the graph of f is above the 
straight line joining the points (x, f(x) ) and (y, f(y) ).” (Wikipedia 2010, Concave function)   
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Thus, the revenue management problem (1)-(4) can be expressed as the following: -�.EF��#'�G�D�               (9) 

                subject to T AΛ % C.        (10) 

 

The (9)-(10) is a multidimensional nonlinear programming problem with the homogenous 

inverse demand function P(Λ) and concave revenue function T P(Λ)DΛ. There are two possible 

solutions to this problem. Let the cumulative demands’ vector Λm maximize P(Λ)DΛ. 

Ø Solution 1. Abundant Capacity: if T AΛm % C, the optimal price is Pm = P(Λm).  

Ø Solution 2. Scarce Capacity: if T AΛm > C, the optimal solution is a boundary point GH 

that satisfies the Karush-Kuhn-Tucker optimality conditions10. 

 

To close, it is possible in the multi-product case that the optimal price increases together with 

the degree of capacity. The proof for conditions under which it might happen can be found in 

Theorem 5 in Milgrom and Roberts (1990, cited in Bitran and Caldentey 2002, p. 16). Hereby, 

I finish the review of deterministic models and pursue further with stochastic methods.  

 

2.4.2    Stochastic pricing models 

 

The computation for pricing strategies with stochastic demand is more complicated than for 

those with deterministic demand (a single price solution is hardly ever optimal). However, 

stochastic models are obviously more suited to the real life situations where companies cannot 

predict the demand and inventory levels in advance and thus have to adjust prices dynamically 

every time new information is acquired. 

 

Normally, stochastic dynamic programming (SDP) techniques are used to solve the problems 

with stochastic demand. Every time a decision has to be made, the seller collects all available 

data about the current sales and capacity situation and sets the new product prices. The most 

research in this field has been done for the single product case. In this setting, capacity 

standings are the only information that managers have in their disposition. 

 

 
                                                           
10 “In mathematics, the Karush–Kuhn–Tucker (KKT) conditions are necessary for a solution in nonlinear 
programming to be optimal, provided that some regularity conditions are satisfied.” (Wikipedia 2010, Karush-
Kuhn-Tucker conditions) 

http://en.wikipedia.org/wiki/Mathematics
http://en.wikipedia.org/wiki/Necessary_and_sufficient_conditions
http://en.wikipedia.org/wiki/Nonlinear_programming
http://en.wikipedia.org/wiki/Nonlinear_programming
http://en.wikipedia.org/wiki/Optimization_%28mathematics%29
http://en.wikipedia.org/wiki/Karush%E2%80%93Kuhn%E2%80%93Tucker_conditions#Regularity_conditions_.28or_constraint_qualifications.29
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2.4.2.1    Single product situation 

 

Having one product (M = 1), it is assumed that the initial inventory C = C0 represents how 

many product units are available at time t = 0. In stochastic dynamic programming terms, 

Vt(Ct) is the value function at time t if the capacity is Ct, i.e., the optimal expected revenue 

from t to the end of the season. Time t is designed in the literature as a continuous or discrete 

variable. Companies usually readjust prices at discrete times but the Internet and E-commerce 

makes also the continuous time pricing possible.  

 

Single price models 

 

In the stochastic demand and single product setting, the easiest way to find the optimal price is 

to restrict the pricing decision to a fixed rate solution throughout the entire period (pt = p for 

all t   [0, T]). This kind of approach is applicable for products having at least one of these 

features: short selling horizon, high costs of altering prices and legal requirements for prices 

to be constant. Although prices could be changed, companies frequently choose a fixed rate 

policy because of its simplicity. 

 

First, in the single product fixed price model the revenue management problem (1)-(4) is 

reformulated as follows: 

  I���� #� � �-�.8F�I��� �� #� � �-�.8F��!��-J*�K&��� #�L �M$�������������>>�  
where D(p,T) is the random variable that defines the cumulative demand at a price p and in 

time [0, T]. There are no closed-form solutions to this problem in terms of an arbitrary 

distribution of D(p,T). However, the optimal price can be expressed in terms of the demand 

elasticity. 

 

Let f(D,p,T) be the probability mass function11 of D(p,T). The demand elasticity with respect 

to price is defined as N�&� �� #� � � 8O<�P�8���O�P�8���  and fp(D,p,T) is the partial derivative of f(D,p,T) 

with respect to price p. Consequently, the first order optimality condition for (11) is given by: 

�!-J*�K&L �MN�&� �� #�$�!-J*�K&L �M$ � ��>+����������������>Q� 
                                                           
11 “A probability mass function (pmf) is a function that gives the probability that a discrete random variable is 
exactly equal to some value.” (Wikipedia 2010, Probability mass function) 

http://en.wikipedia.org/wiki/Discrete_random_variable
http://en.wikipedia.org/wiki/Random_variable
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Moreover, solution (12) repeats the basic microeconomic condition according to which in 

order to have the optimal monopolist’s price the demand elasticity must be equal to -1. In this 

stochastic setting, the expected value of the elasticity that is weighted by the number of sales 

(min {D, C}) has also to be equal to -1. Lastly, the optimal rate for the single price model 

does not increase as the initial level of inventory increases (like in the deterministic case).  

 

For the continuous demand distribution case few more concepts are introduced. Let the 

probability distribution function of D(p,T) be defined by F(D,p,T). Next, the succeeding 

definition is given: a function f(x,θ) satisfies increasing differences in (x,θ) if, for all xh � xl, 

f(xh,θ) – f(xl,θ) is nondecreasing in θ (Athey 2002, p. 4). Consequently, the following 

proposition is made. 

Assume that F(D,p,T) satisfies increasing differences in (D,p) and –F(D,p,T) satisfies 

increasing differences in (p,T). In case there is a single optimal solution p*(C) for (11), 

it is nonincreasing in C and nondecreasing in T.  

Gallego and van Ryzin (1994, cited in Bitran and Caldentey 2002, p. 18) also derive an 

approximation of the single price solution using the deterministic demand approach. 

 

Lazear (1986) extends the single period model permitting the seller to change the rate once 

during the season. One more augmentation of the model is carried out in the study of Feng 

and Gallego (1995) where two time periods are modeled and the prices are fixed in them, the 

only question is when to switch from one interval to the other. Finally, Feng and Xiao (1999) 

supplemented the two-price modeling in Feng and Gallego (1995) with the situation where a 

risk-averse vendor invokes the linear penalty for the variance in the revenues. (All authors are 

cited in Bitran and Caldentey 2002, p. 19) 

 

Dynamic price models 

 

Among the papers that deal with dynamic pricing of perishable products, a work by Kincaid 

and Darling (1963, cited in Bitran and Caldentey 2002, p. 19) is the opening one. They take a 

continuous time framework and model demand as a Poisson process12 with a fixed intensity λ. 

                                                           
12 “A Poisson process is a stochastic process in which events occur continuously and independently of one 
another.”  (Wikipedia 2010, Poisson process) 

http://en.wikipedia.org/wiki/Stochastic_process
http://en.wikipedia.org/wiki/Memorylessness
http://en.wikipedia.org/wiki/Memorylessness
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Next, a customer has a reservation price rt (maximum willingness to pay) for the product. Two 

cases are considered. First, the seller receives a price (rt) from the buyer and either accepts or 

rejects it. Second, the firm posts the price pt and the customer makes a purchase if rt > pt. 

 

Let the reservation price rt be a random variable with the distribution F(r,t). In this situation, 

Kincaid and Darling describe the demand process as Poisson with intensity λ(1 – F(pt,t)). 

They derive the optimal price pt(Ct) and optimality conditions for the value function Vt(Ct) for 

both cases; also the closed-form solutions are given when rt distribution is F(r,t) = 1 – exp(-r). 

If prices are posted, the optimality condition is derived using the Hamilton-Jacobi-Bellman 

(HJB) equation13 as follows: 

RI�����R� � �-�.8F�S1T> � U��� ��VW� � TI����� ��I���� � �>�VXY+����������������>Z� 
 

To elaborate on the above condition, it implies that the optimal price has to satisfy this 

inequality: pt(Ct) � Vt(Ct) – Vt(Ct -1). The right-hand side of it stands for the opportunity cost 

of selling an additional unit of inventory at time t when the current capacity is Ct. Thus, the 

optimal price pt(Ct) must be bigger than or equal to the opportunity cost and consequently the 

value function Vt(Ct) does not decrease in t. 

 

Introducing some restrictions on F(p,t) and its density f(p,t), the optimal price pt(Ct) is defined 

by the first order condition as below: 

������ � �> � U�������� ����������� �� [�I����� ��I���� � �>�+������������������������������������������>\� 
Apparently, the problem of finding the optimal price comes down to the estimation of the 

opportunity cost Vt(Ct) – Vt(Ct - 1). However, there is no precise closed-form solution for the 

optimal price condition in (13). 

 

Furthermore, Gallego and van Ryzin (1994, cited in Bitran and Caldentey 2002, p. 20) rewrite 

the optimality condition (13) and show that the value function Vt(Ct) increases and is concave 

in t and Ct using the continuous time framework. They also prove that the optimal price pt(Ct) 

increases in t and decreases in Ct. 

                                                           
13 “The Hamilton–Jacobi–Bellman equation is a partial differential equation which is central to optimal control 
theory. This method is also used in stochastic systems.” (Wikipedia 2010, Hamilton-Jacobi-Bellman equation) 

http://en.wikipedia.org/wiki/Partial_differential_equation
http://en.wikipedia.org/wiki/Optimal_control
http://en.wikipedia.org/wiki/Stochastic
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Furthermore, Bitran and Monschein (1997, cited in Bitran and Caldentey 2002, p. 21) study 

the case where prices are revisited periodically at finite decision times. A new element 

introduced in their formulation is a markdown constraint that makes prices nonincreasing over 

time. Authors come to these conclusions: (i) there is no significant difference in the value 

function either with or without the markdown constraint; (ii) the more the reservation price 

varies the more the initial price increases; (iii) the number of price changes has a significant 

impact on the expected revenue.  

 

Bitran and colleagues (1998, cited in Bitran and Caldentey 2002, p. 21) supplement the single 

product periodic pricing model in Bitran and Monschein (1997) to the retail chain case. The 

same product is sold at different stores where each one of them has its own Poisson demand 

function. The authors introduce the coordinated price policy constraint meaning that prices 

have to be the same at all places at any time. Optimality conditions and certain procedures are 

derived for situations when stores can and cannot exchange inventory among each other.  

 

Moreover, Zhao and Zheng (2000, cited in Bitran and Caldentey 2002, p. 22) investigate the 

single product pricing task when clients’ arrival process is a time dependent Poisson case. 

They construct the optimality condition equivalent to (13) and demonstrate that the value 

function is concave in the level of capacity and the duration of the selling period. Zhao and 

Zheng also show that the optimal price does not increase together with the level of inventory 

and find a condition for the distribution of the reservation price when the optimal price is not 

decreasing in the length of the selling season. 

 

One more modification of the single product Poisson demand problem considers a finite set of 

fixed prices {p1,…,pk} that a firm can choose from. Gallego and van Ryzin (1994) 

demonstrate that the deterministic solution is asymptotically optimal14 when the initial 

inventory and selling period increase. Autonomously, Chatwin (2000) and Feng and Xiao 

(2000) analyze the pricing policy and value function with a finite collection of prices. They 

show that the value function is concave in both initial capacity and duration of the selling 

time, whereas the optimal price does not increase in the capacity and decrease in the time left. 

(All authors are cited in Bitran and Caldentey 2002, p. 22) 

                                                           
14 “In computer science, an algorithm is said to be asymptotically optimal if, roughly speaking, for large inputs it 
performs at worst a constant factor (independent of the input size) worse than the best possible algorithm.” 
(Wikipedia 2010, Asymptotically optimal algorithm) 

http://en.wikipedia.org/wiki/Computer_science
http://en.wikipedia.org/wiki/Algorithm
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Finally, Feng and Xiao (2000, cited in Bitran and Caldentey 2002, p. 22) demonstrate that 

there is a sub-array of prices )�  K�]� ^ � �_M so that the revenue increases and is concave 

within ρ and the optimal price is always part of�)�.  

 

2.4.2.2    Multiple product situation 

 

Stochastic (as well as deterministic) pricing models in a multiple product background have 

received considerably less academic attention. However, one particular case has been more 

extensively researched. That is a situation when a single resource is used to satisfy separate 

demand categories. For instance, hotels use the same resource, i.e., a certain room type, to 

accommodate both business people and tourists. To price the same inventory differently, 

companies have to identify the properties upon which they can classify their clients.   

  

Static price models 

 

Most of the research done in this field considers prices as predetermined and the whole 

problem for the firm is to dynamically accept or reject clients’ requests according to time, 

remaining inventory and the type of the service. It is still however possible to look at this 

problem as a dynamic pricing situation. Put it differently, the seller has two possible prices for 

every customer segment j it can choose from at each time. First is the predetermined rate pj 

and the second one is the high fare��àbcc d �`. At the null price, segment-j demand is close to 

zero. It can be perceived as a synthetic way to reject the request.  

 

The generic setting of this problem is formulated in the literature as hereunder. 

• Data: an m-dimensional capacity vector C0, a set of products M with fixed prices pj   

(j = 1,…, M), plus a consumption matrix A = [aij], where aij is the number of resource i 

used by a unit of product j. 

• Problem. Obtain an acceptance/rejection procedure u(t, Ct, j)   {0,1}, where capacity 

at time t is Ct and a client demands product j, then u = 1 if the request is admitted and 

u = 0 if it is rejected. 

In the dynamic pricing environment, the above Problem can be reformulated like this: require 

pj for the product j if u(t, Ct, j) = 1 else ask for price��àbcc. 



31 
 

Most of the solutions for this task have been attained for the single resource case either with a 

continuous time framework and Poisson demand process, e.g., Liang (1999), Zhao and Zheng 

(2001), or a discrete time setting with an arbitrary demand and the assumption that at least one 

client comes per period, e.g., Lee and Hersh (1993), Subramanian and colleagues (1999). (All 

authors are cited in Bitran and Caldentey 2002, p. 24) 

 

Assume Vt(C) to be the optimal value function at point t when the actual capacity is C. 

Further, let the opportunity cost of capital be�e���� � I���� � I��� � >�, which is also called 

the bid price function. Resulting from the Bellman equation15, it is optimal to sell one unit of 

output j at period t iff ��` � e���� in case of continuous time modeling and iff ��` � e�f]��� 
in the discrete time format. Else, the rejection, i.e., the null price��àbcc, is suggested.    

 

If ��àbcc g e�����for all j, t and C, then the optimal pricing strategy is the minimum price 

��  K�`� �àbccM�when�� � e����. To add, if it is optimal to accept a request for a product from 

class j at period t with rate pj, then it is also optimal to admit a request for a product from any 

class k with price��_ � �`.   
 

When there is more than one resource, e.g., various hotel room types, this situation is called 

Network Revenue Management, which, in fact, does not deviate much from the single 

resource pricing problem. The major difference is that the bid price function�e����, as defined 

above, is based on the individual demand for each resource. In other words, if a request for 

product j is accepted and the initial capacity is C, then inventory drops to a lower level C – Aj, 

as Aj is the number of resources consumed by product j.  

 

Consequently, it is optimal to accept the request for product j, if���` � I���� � I�T� � �`V �e���� 4�, as Vt(C) is the value function at period t with the initial capacity C. Among the works 

written on this Network Revenue Management problem are Glover et al. (1982), Talluri and 

van Ryzin (1998, 1999), You (1999), de Boer et al. (2002), etc. In most of them, the firm 

either accepts or rejects received orders based on their type and the bid prices�e���� 4� but does 

not change the price. (All authors are cited in Bitran and Caldentey 2002, p. 25)   

                                                           
15 “A Bellman equation, named after its discoverer, Richard Bellman, is a necessary condition for optimality 
associated with the mathematical optimization method known as dynamic programming.” (Wikipedia 2010, 
Bellman equation) 

http://en.wikipedia.org/wiki/Richard_Bellman
http://en.wikipedia.org/wiki/Optimization_%28mathematics%29
http://en.wikipedia.org/wiki/Dynamic_programming
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Dynamic price models 

 

Network Revenue Management in dynamic pricing context has been investigated by Gallego 

and van Ryzin (1997, cited in Bitran and Caldentey 2002, p. 25). They use a Poisson demand 

setting and work out the Hamilton-Jacobi-Bellman equation comparable to (13). In the 

multiple product background, the optimality condition is the following: 

RI�����R� � ���8 hi1`���!�` � �I����� � I���� � �`��$a
`j] k����������������������������������>,� 

as 1`��� is product’s j demand intensity, given a vector of prices p. However, closed-form 

solutions for this equation are seldom obtainable.  

 

To solve problem (15) Gallego and van Ryzin consider two deterministic cases, where they 

replace the stochastic demand with its predicted value. Assume that pdet(t) and λdet(t) are the 

optimal rate and demand intensity. In the first case (so called Make-to-Stock), the expected 

number of requests for product j, e.g., zj, is calculated as��l` � m� 1ǹo������� p. This same 

number zj of product j is accumulated before the selling season and the price of the product, 

pdet(t), is set accordingly. To add, prospect rearrangements of the inventory are not allowed. 

 

In the second case (Make-to-Order), the price is also deterministic pdet(t) but products are not 

accumulated beforehand. Instead, they are produced as orders appear. Finally, the authors 

show that as sales increase to infinity these two approaches are still optimal. 

 

Hereby, I end this part of the Theory chapter concerning specific pricing techniques and 

proceed further with a brief overview of how customers perceive dynamic pricing.  

 

2.5 Customers’ perception of dynamic pricing 

 

Although the benefits of dynamic pricing have been extensively articulated in the academic 

literature and certain models applied in the practice, there is one issue in this field that must be 

addressed. That is clients’ perception of these techniques. The way customers view dynamic 

pricing and respond to it might have both positive and negative effects on the businesses 

implementing those methods. For instance, if a clientele assumes that dynamic pricing is 
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unfair, it will definitely harm sales, and therefore a firm has to incorporate this knowledge in 

its pricing decisions. Further down, I review the academic research done on this problem.  

 

In a study conducted by Rohlfs and Kimes (2007), 153 travelers were surveyed in three US 

airports. The goal was to find out whether they preferred to be charged each night a different 

price for a multiple-night stay at a hotel or the same average rate for every night. Respondents 

were asked for their opinion on nonblended rates, i.e., best available rates (BAR), in 

comparison to blended rates (average single price for each night). Four measures were chosen: 

fairness, acceptability, reasonableness and honesty. 

 

The results showed that neither pricing policy was particularly appealing to the travelers. 

Albeit both pricing techniques were regarded rather fuzzily, respondents assigned higher 

points to nonblended rates than to blended rates. The study results are presented in figure 6.  

 

 
Figure 6. Survey results from Rohlfs and Kimes (2007). Source: Rohlfs and Kimes (2007) Exhibit 3.                             
Note: BAR = best available rate.  

 

The above chart demonstrates that hotel quests would rather be charged the best available rate 

for each night than an average price calculated from all these rates. Thus, no negative effects 

caused by dynamic pricing were revealed in this study. 
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Another study by Noone and Mattila (2009) investigated the effects of the price presentation 

forms, i.e., blended or nonblended (same meaning as explained before), on clients’ 

willingness to book. Two conditions were introduced: (1) in the case of blended rates, no 

indication that the actual prices for each night differ and (2) having nonblended prices, no 

explanation why the rates vary. 

 

Further, two hypotheses were tested. H1: if the best available rate changes for each night in a 

multiple-night stay, customers will be more willing to book a room with nonblended rate 

presentation than with a blended rate format. H2: in case of a nonblended rate form where best 

available rate varies for each night, familiarity with this kind of pricing will reduce the 

negative effect of a Low to High Rate sequence. 

 

The results showed that a nonblended rate format induced higher willingness to book than a 

blended rate form (although the difference was only marginally significant). Moreover, 

familiarity with the best available rate pricing did impact the effect of the price progression on 

the willingness to book. Of course, a High to Low Rate sequence was preferred by all 

customers (familiar and not familiar with BAR) but a Low to High Rate sequence would deter 

from booking more clients unacquainted with the best price pricing than acquainted with it. 

 

Next, Chen and Schwartz (2008) examined whether unstable room prices could influence 

customers’ expectations and, as a result, their booking decisions. Four price-change trends 

were investigated: increasing, decreasing, fluctuating and constant. The following six 

hypotheses were tested. 

 

H1: clients’ expected lowest rate (ELR) depends on the observed rate pattern, i.e., the ones 

that observed a declining trend will have the highest ELR. H2: customers’ expected sell out 

rate (ESR) depends on the discovered price pattern, as ESR is highest in the fluctuating price 

environment. H3: the ELR is correlated with the ESR. H4: the higher the ELR, the higher is 

the willingness to book. H5: higher ESR increases customer’s propensity to book a room. H6: 

observed rate pattern affects the inclination to use hotel’s services.  

 

To sum up the results, Hypothesis 1 was accepted with only one pair of rate pattern 

comparison where the decreasing prices stimulated a higher ELR than fluctuating rates. 

Hypothesis 2 was rejected by all possible pair comparisons. Further, Hypothesis 3 was 
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partially accepted as a negative relationship between ELR and ESR in the constant pattern 

was observed. Both Hypotheses 4 and 5 were clearly supported (as expected). Finally, it was 

shown that customers’ willingness to book could certainly be affected by the price patterns 

they find. Thus, hypothesis 6 was also accepted.  

 

Lastly, Palmer and McMahon-Beattie (2008) studied long-term attitude change, in particular, 

metamorphosis of clients’ trust in a brand name due to dynamic pricing polices. They used 

attitudinal and behavior responses to experimentally manipulated data. There was only mixed 

evidence that variable pricing would lead to customers’ distrust. More interestingly, analysis 

revealed that it was not the dynamic pricing itself that would cause the distrust but rather 

clients’ knowledge about the rules according to which this type of pricing operated. 

 

Thus, the articles that were reviewed did not suggest that dynamic pricing would have any 

detrimental effects on customers’ behavior.  

 

To close this and the whole Theory part, I would like to make the last point. The review of 

revenue management and more specifically of dynamic pricing with its robust mathematical 

techniques has in a way contributed to my subsequent empirical research. To be more 

specific, I have shown what methods are commonly used and what input is required to price a 

service dynamically. In this manner, it is clear that the data, which are provided to me, do not 

allow implementing these tools and therefore the new pricing ways have to be developed.  

 

These new alternative ways of how I intend to deal with the task of dynamic hotel room 

pricing are introduced in the following section of the paper.  

 

 

 

 

 

 

 

 

 

http://dico.isc.cnrs.fr/dico/en/search?b=1&r=metamorphosis
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3 Methods 
 

The main purpose of this chapter is to present the pricing methods that have been developed 

and tested. In a way, it should serve as a guide for another researcher to replicate my study. 

Therefore, I introduce and explain the techniques that are used and mention the theories they 

are based on. Furthermore, I elaborate on what limits my experiments, the necessary 

assumptions to be made and the fields of application.  

 

This whole chapter is structured according to the different types of data and its sources since 

the initial standpoint in deriving the pricing models is directly related to the data availability. 

Dynamic pricing methods introduced in the previous part require in my case inaccessible 

information, such as demand and cost functions; therefore, I have created new techniques that 

are based more on econometric tools. In spite of that, they can still be regarded as dynamic 

pricing methods as their purpose is the same – to readjust prices according to demand shifts. 

 

The Methods part does not include the study results and their interpretation. That is left for the 

subsequent sections. Next, I present the data in more specific terms than it was done before 

and group them according to their sources.  

 

3.1 Extension on the data aspect 

 

Before going into the particular room pricing methods, it is necessary to extend the data 

description provided in the Introduction part. As mentioned, there are basically two types of 

data (classified according to their sources). The first kind comes from an online intermediary 

Booking.com and the second one – from the individual hotels. More to it, the later data set 

consists of 4 hotels and contains information for the future dates, whereas the latter one is two 

partner hotels’ historical data.  

 

To clarify, data from Booking.com are extracted using a certain program built by the same 

firm I cooperate with (company X)16. Whereas distinct hotels’ information are classified 

according to the distribution channels and are agreed to be confidential17. 

                                                           
16 In case needed, contact the author for the further details about this program. 
17 For more information about these hotels contact the author. 
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All data sets have a similar structure, i.e., factors, such as price (Lithuanian litas Lt), room 

type, availability and length of stay, are included. Tables 4 and 5 below show an example of 

these data collections (assume a starting point to be 05/07/2010).  

 

Hotel Check-in Price Room Availability Length of stay 

Embassy-balatonas 25/07/2010 95 Suite 1 1 

City-park 26/10/2010 134 Single Room 7 2 

Ratonda 25/12/2011 304 Double Room 10 4 

Table 4. Data from an online intermediary Booking.com (note the prospective check-in dates). Source: 
Booking.com. 

 
Hotel Check-in Price Room Availability Length of stay 

“xxx” 25/05/2009 320 Double standard 3 1 

“xxx” 21/04/2008 510 Double lux family 2 2 

“xxx” 25/04/2007 780 Single standard 5 5 

Table 5. Single hotel’s data (note the historical check-in dates). Source: partner hotel’s database.  

 

The major difference between these two types of data is the time perspective. By this I mean 

that any analysis done based on the Booking.com source will take into account current price 

movements of certain hotels, whereas single hotel’s data will enable us to draw historical 

price tendencies that, as assumed, would persist also in the future. 

 

Lastly, the figures shown in table 5 date back to 25/04/2007, while info in table 4 extends to 

25/12/2011. Consequently, due to the more extensive historical data any trends drawn from 

them might be considered more reliable than tendencies obtained from intermediary’s data. 

Further down, I present the pricing methods in so far fairly general terms. 

 

3.2 Generic hotel room pricing models 

 

To acquaint the reader with the hotel room pricing methods tested in this paper, I have chosen 

a schematic presentation. Figure 7 in the following page separates these techniques into two 

main blocks. The first one is based on the data from an online intermediary Booking.com, 

while the second one corresponds to information provided by the single hotels. The first block 

segregates further into two sub-units based on either historical data or so called “future 
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historical” data. To clarify the terms, by historical data I mean that they were accumulated for 

some period of time in the past and “future historical” denotes data for upcoming dates. The 

latter sub-block finally splits into the cross-section and pooled data models.  

 

 

Figure 7. Pricing models created for empirical analysis. Source: own production. 
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The second major block consists of multivariable, ARIMA and industrial organization, i.e., 

the Cournot competition, models. In fact, the models at the left-hand side are based on the 

same linear regression principle as shown in the first sub-block at the right-hand side 

(regressions are not included in each block of the drawing due to the space limitation). To 

add, I leave the particularities of the presented pricing ways for the further Methods’ sections.  

 

Most of the above scheme is based on the Hedonic pricing principle (except for ARIMA and 

IO models). This term is defined in the literature as follows. “A hedonic model of prices is 

one that decomposes the price of an item into separate components that determine the price” 

(Moneyterms 2010, Hedonic pricing model). Furthermore, “the method obtains estimates of 

the contributory value for each of the components” (Wikipedia 2010, Hedonic regression). 

For the meantime, I do not elaborate on the non-hedonic techniques. 

 

Consequently, my main idea is to pick relevant variables that influence hotel room rates and 

by regressing those characteristics on the price to assign a weight to each one of them. Before 

presenting the variables, it should be noted that I have benefited from the article by Thrane 

(2006) where she studies the room rate determinants in Oslo city. However, inspiration came 

not so much from the particular causal factors but rather from the general idea of splitting the 

price into certain components, in other words, hedonic pricing. 

 

In table 6, I have grouped the hotel room price determinants into three categories based on 

their origin: the ones coming directly from the provided data, others stemming from a third 

source and the last group derived either from the given data or from a third source but 

however not relevant for the later explained reason. Variables from the first two columns are 

all included in the pricing models. I will introduce them in a short while.    

 

Based on the internal data Based on the external data Based on both data types 

Type of room (e.g., a suite) Seasonality (e.g., summer time) Location (e.g., city center) 

Length of stay (LOS) Holiday (e.g., a memorial day) Number of stars 

Availability Macroeconomic situation Number of competitors 

Number of days a booking is 
made prior to arrival (BPA) 

  

Table 6. The hotel room rate determinants considered for the variables in the subsequent regressions. Source: 
own production. 
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To elaborate on the data grouping, the variables in the first column are labeled as the ones 

based on internal data because information about these characteristics is provided by the firm 

I cooperate with. Whereas the price determinants in the second rank are also important for 

price movements and have to be accounted for but the input for them is not given and needs to 

be collected over the Internet. Finally, all hotels that I have data for are from the same 

competitive set and thus have similar characteristics; consequently, location, number of stars 

and number of competitors cannot be addressed because there is no variation in them. 

 

As mentioned, all variables in the first two columns are tested and require further 

explanation18. To start with, type of room (e.g., single, double) obviously has an influence on 

the price. A dummy variable is used for this determinant. Following the same rationale, the 

longer a person stays at a hotel, the more she or he has to pay. Next, high demand (or low 

availability) might also impact the rates (so far, it is only a premise). Moreover, based on the 

common-sense knowledge as the day of a stay approaches, the price of it increases; thus it is 

necessary to include in regressions the BPA variable. 

 

Talking about the second group of factors, seasonality is apparently crucial for hoteliers, as 

demand for their services is much higher in, e.g., summer than winter. To incorporate this, I 

use a dummy variable. Equivalent logic applies to a holiday factor as it has a significant effect 

on the hospitality business (again the same form of the variable will be used). Finally, the 

general macroeconomic situation certainly affects clients’ spending abilities. To account for it, 

I have chosen hotels’ occupancy rates at the state level as a proxy.  

 

It is important to mention that there might be a well known econometric problem with the 

variables LOS and availability, namely, the endogeneity issue. In short, it means that an error 

term can contain certain components that correlate with LOS or availability. If so, that would 

violate one of the basic assumptions underlying the method of least squares, i.e., zero 

covariance between the disturbance u and independent variable X. In addition, it is also called 

a reverse causality problem, meaning that the regressand can influence the regressor as well, 

                                                           
18 In table 6, I have included the hotel room price determinants, which are irrelevant due to the lack of variation 
in them, to show a more holistic view of what influences the rates. 
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e.g., the higher the prices, the lower the demand (or bigger availability)19. Particular remedies 

that I use to solve the endogeneity problem are explained in the further sections. 

 

The last detail to notice is that all room pricing methods tested in this paper could be regarded 

as a form of dynamic pricing. As the reader might remember, the goal of the revenue 

management is to exploit customers’ different willingness to pay. One of the ways to do this is 

to react swiftly to the changing market conditions and to readjust prices correspondingly. That 

is exactly the task of hedonic pricing, where a shifting market situation would manifest 

through the new values of the variables, which in turn would determine the prices.  

 

Continuing the same idea, the techniques created in this thesis address the booking time factor 

and can be applied to data from any online intermediary. Therefore, they might be perceived 

as a way of price differentiation, in particular, time- and channel-based pricing. One of the 

cornerstones in the industrial organization (IO) field is exactly price discrimination. Thus, the 

results of my work relate not only to dynamic pricing but also to the IO area. 

 

From here on, the pricing methods are introduced in more details following the same structure 

as in figure 7. However, I would like to make an explicit point that ultimately these models 

might be altered according to the testing results. Moreover, the outcome could be presented in 

line with a different structure than in figure 7. 

 

3.3 Models built on the data from an online intermediary 

 

To start, all hotel room pricing models created according to the online intermediary’s 

Booking.com data are explanatory and not descriptive. By this I mean that prices are 

explained by a certain composition of various variables. In this way, not only the price 

movements but also the rate determinants are revealed.  

 

Next, some crucial assumptions are implicitly embedded in the hedonic pricing regressions 

listed below. First, the available data capture players’ rational behavior. In other words, it is 

                                                           
19 For more information about the endogeneity and its remedies refer to Introductory Econometrics: A Modern 
Approach (chp. 15) by J. Wooldridge (2008). 
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assumed that hotels act rationally and optimize their profits20. Therefore, each time certain 

values are assigned to the variables, a new equilibrium price is found.  

 

By the same token, it is probable that hotels’ demands are dependent on each other, i.e., one 

hotel’s prices impact other hotel’s rates. Again, an assumption is made that hotels are aware of 

this and set their prices accordingly. It will manifest in the data and consequently be 

incorporated in the regressions. Hence, the techniques to be explained in 3.3, one could say, 

are explanatory price optimization models with certain implicit assumptions. 

 

3.3.1    Pricing according to the historical data 

 

The whole point of this method is to accumulate data of the same days as check-ins are done. 

For example, I download prices on July 4th showing how much it costs to check into a room 

on this exact day, July 4th. I do the same on July 5th, 6th, etc. for some period of time and then 

stack all this data. What happens here is that I eliminate the variable number of days a 

booking was made prior to arrival due to no variation in it (always zero days prior to arrival).    

 

I have called it a model of historical or “real historical” data because information is extracted 

not for the future check-in dates but for the current day, so prices are final and do not change 

anymore. In appendix 2, there is an example of how this kind of data looks like. Thus, the 

following regression is used to find a new equilibrium price as the variables change. 

 qrs � t [�u]vwAxr [�uyz{| [�u}~�~��~����vw [��rs                     (1) 

 

As one might have already noticed, regression (1) does not include variables, such as 

seasonality, holiday and macroeconomic situation. The reason for it is merely the data 

limitation. I have collected historical data just for a few weeks, which is obviously a too short 

period to account for any seasonality or macro events. Also, the typei variable should actually 

split into as many dummies as there are different kinds of rooms (I just aggregated them all). 

 

The way to put regression (1) into practice is pretty straightforward. One simply assigns the 

values to the variables and gets the room price if the check-in was done today. The drawback 
                                                           
20 Price optimization could be done following the microeconomics rules (game theory, etc.) or simply the 
common-sense knowledge and experience. In reality, it is usually a mixture of both.   
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of this method is that it can find the price only for the current check-in day. Whereas the 

advantage of it might be the accurateness (or reliability) comparing to a model, which would 

use data with numerous days before the check-in (more on this in the Discussion part). 

   

To continue, no hypotheses for the particular values or signs of the coefficients are made. 

Instead, the significance of the estimated partial regression coefficients individually and 

jointly is tested. Hypotheses are formulated (and tested later on) according to Gujarati (2003). 

  

��� u] � ��~����]� u] � ����������������!>$Q> ��� uy � ��~����]� uy � ����������������!Q$ ��� u} � ��~����]� u} � ����������������!Z$ ��� u] � uy � u} � �������������������������!\$ 
 

As mentioned before, variables length of stay (LOS) and availability might suffer from the 

endogeneity problem. However, on account of data peculiarity I argue that LOS is exogenous. 

The argument goes like this: the data for room prices in this model show the rates a client 

would have paid if he had booked a room for a certain period of time. Thus, a range of various 

LOS to pick from now should not depend on the past prices or anything else unknown in the 

error term; it is only what a hotel offers and has nothing to do with the actual bookings made.      

 

Most likely, I cannot apply the same argument of exogeneity in case of the availability 

variable. The reverse causality problem seems possible: as prices change, also the current 

availability might change. To solve it, I use the instrument, daily precipitation rates, and 

according to the two-stage least squares method regression (1) is modified to the following22: 

 qrs � t [�u]vwAxr [�uyz{| [�u}~�~��~����vw� [��rs+                       
 

Whether LOS is truly exogenous and availability endogenous I reveal in the Results chapter. 

Furthermore, due to the data shortage this hotel room pricing method cannot be soundly 

tested. However, my objective is to show it as an option one should be aware of. Whatever the 

results are, I revert to debate upon this model in the Discussion part. 

                                                           
21 β1 signifies all coefficients of every room type that a dummy is assigned to. 
22 For instrumental variables and the two-stage least squares (2SLS) method refer again to J. Wooldridge (2008). 
Note, availability with the hat on it stands for the estimates of this variable.    
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3.3.2    Pricing according to the “future historical” data 

 

The difference between this and the previous model comes from the time perspective of the 

data. Information about the prices and other relevant factors is gathered for the future dates. 

For example, on July 4th I download room prices that one would pay if she or he checked in 

starting from today (July 4th) until, say, September 4th for different lengths of stay. As the 

check-in day approaches, prices might of course change. For instance, it could be one rate on 

July 4th for checking-in on September 4th and it could be already a new rate (most likely 

higher) if the booking was made on, say, September 1st for the same day.  

 

To continue, I have referred to this model as based on the “future historical” data exactly 

because I analyze room prices (and other relevant characteristics) that would have to be paid 

in advance. That is contrary to the above model where room rates are for today’s check-ins 

and they do not change anymore. See appendix 3 for the data illustration. Next, a broader 

amplitude of the number of days between the booking and the check-in (not only zero) adds a 

new variable BPA to the price regression, which is how many days the check-in is done prior 

to the move-in. This allows accounting for an important booking time factor. 

 

Besides the booking time characteristic also other new factors are addressed in the below 

regression (since the data allow that). Those are: a particular season (winter, spring, etc.), an 

event or holiday, and macroeconomic situation. For the first two I use the dummy variables 

and for the third one general occupancy rates in the lodging industry are chosen as a proxy. 

For the sake of readability, I do not expand the type variable into its all components. 

 qrs � � [��]vwAxr [��yz{| [��}~�~��~����vw [ �����vx� [ ���A���� [������x� [ ��x�x�v [ ������A~��w��~vxsf] [���q� [ �rs               (2) 

 

As well as for regression (1), the partial and joint significance of the coefficients are tested.  

 ����] � ��~����]��] � ����������������!,$QZ  
………………………………          ..…. ����� � ��~����]��� � ��������������!>Z$ ����] � �y � � � �� � ������������!>\$ 
                                                           
23 ω1 signifies all coefficients of every room type that a dummy is assigned to. 
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The practical use of regression (2) is again rather simple: insert the values into the variables 

for the date of interest. However, due to the more extensive data (compared to the previous 

model) prices can be explained better. The major advantage of this pricing method is the 

ability to set the room rate not just for today but also for the future days (that is why there is 

the BPA variable). Further insights I leave for the Discussion part. 

 

What concerns the endogeneity problem, regressions (1) and (2) share the same arguments. 

Again, length of stay should not depend on the price or anything else in the error term as it is 

merely what hotel offers to its clients. While in case the availability variable is endogenous, 

daily precipitation rates (lagged by one year) are used as an instrument and regression (1) 

changes to the following:  

 qrs � � [��]vwAxr [��yz{| [��}~�~��~����vw� [�����vx� [ ���A���� [������x� [ ��x�x�v [ ������A~��w��~vxsf] [���q� [ �rs. 
 

As the reader can see in figure 7, models based on the “future historical” data are further 

subdivided into the cross-section and pooled data models. It basically means that one can use 

four types of data to get the coefficients for regression (2). First, it is the cross-section data, 

i.e. gathered for the same point in time for when the price needs be set. For instance, room 

rates of August 4th are regressed on the corresponding determinants and according to thus 

formed regression a price for the same August 4th is found (let us say it is done on July 4th).  

 

Next, if we keep the same example of a room price to bet set for August 4th, one can use 

pooled data in three ways to estimate the coefficients of the regression according to which that 

price would be found. It could be data either prior or post or prior & post August 4th. In either 

case (cross-section or polled data), it is still the same structure of regression (1) that is used, 

simply the values of the coefficients would be different. Which data arrangement way would 

make the most sense is explained after the Results part. 

 

Finally, it is necessary to keep in mind that all pricing methods from figure 7 at their best 

should be in line with the assumptions of the classical linear regression model. Due to the 

space restriction, I do not check all assumptions for all models. However, I have chosen to test 

the four basic assumptions for the “future historical” model built on the pooled data type. 
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3.4   Models built on the single hotels’ data 

 

As mentioned before, the core feature of these models is the retrospective data that they are 

built on. In this way, certain tendencies are drawn from the past and assumed to persist in the 

future. One could argue that this approach is not as dynamic as those presented above because 

it does not capture the current price movements. However, my goal is to test both perspective 

and retrospective room pricing models and then to make a comparative analysis. 

 

3.4.1    Multivariable models 

 

This approach is very much like pricing according to the “future historical” data in a sense 

that the structure of the regression in either case is the same. The idea is again to account for 

the type, availability, seasonality/events, macroeconomic situation and the booking time 

characteristics, i.e. to run regression (2) but with the data of the historical time perspective:  

 qrs � � [��]vwAxr [��yz{| [��}~�~��~����vw [ �����vx� [ ���A���� [������x� [ ��x�x�v [ ������A~��w��~vxsf] [���q� [ �rs.                 (2)  

 

Consequently, it is again an explanatory model, as price movements are not only shown but 

also explained by the independent variables. Furthermore, the same implicit assumptions as in 

3.3.2 are made, i.e., the price optimizing behavior and the interdependent demands of different 

hotels must be captured by the data. In principal, models from 3.3.2 and 3.4.1 are very much 

alike except for the coefficients, which do not originate from the same data source.  

 

However, there is a major obstacle to test this kind of pricing model, i.e., the data limitation. 

The problem is that there is no information for when the bookings were made, which means 

that I am not able to account for the booking time factor. More to it, the number of days 

between the bookings and the check-ins most probably were not constant; therefore, I cannot 

use regression (2) in the same manner as in 3.3.1, where BPA is always zero and thus the price 

can be forecasted just for the current day. See appendix 4 for the available data excerpt.    

 

Apart from the lack of the reservation time data, I also do not have access to the availabilities. 

It means that both BPA and availabilities would go into the error term. All in all, linear 
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regression model using historical data is one of the pricing methods I want to acquaint the 

reader with; nonetheless, the testing results are not provided due to the data restriction. 

 

3.4.2    ARIMA models 

 

In this part, I turn to the descriptive forecasting approach. All models introduced so far 

explained room prices by certain determinants. However, ARIMA models describe the 

regressand only by its past values and/or current and lagged error terms. This way of 

forecasting does not say anything about what determines the price; it merely shows the 

tendencies of the time series, based on which predictions are done (Gujarati 2003, chp. 22). 

 

One of the motivations to use the ARIMA approach is the availability of single hotels’ data. In 

other words, it makes the most sense to use this forecasting method for something unique, in 

this case, for some particular hotel24. For example, if there was a data set of several hotels that 

differed in some ways, it would supposedly enable us to explain the room prices by more 

determinants than just by prices themselves. However, if there is only one player it becomes 

harder to draw some deterministic conclusions about it only from its own data. Then, 

descriptive ARIMA models can be handy.  

 

The five-letter abbreviation stands for an Autoregressive Integrated Moving Average process. 

An autoregressive (AR) process means that Y is explained by the lagged values of Y, e.g., Pt = 

α + β0Pt-1 + ut. Whereas a moving average (MA) process signifies Y explained by the passed 

values of the error term, e.g., Pt = α + β0ut + β1ut-1. Finally, if the time series are nonstationary, 

they have to be integrated of a certain order. For instance, the first order difference can be 

taken. The number of each process, e.g., ARIMA(1,1,1), denotes the following: ∆Pt = θ + 

α1∆Pt-1 + β0ut + β1ut-1. 

 

The task is to find whether the room prices follow a purely AR (p) process or MA (k) process 

or both and of which order, i.e., ARIMA (p,d,q). To figure this out, I use the Box-Jenkins (BJ) 

methodology, which consists of identification, estimation and diagnostic checking.  

 

                                                           
24 When both descriptive and explanatory models can be used, the latter one should have the priority since it 
provides more information. In my case, there are two different data sources that are suitable for both methods.  
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As the data are grouped by the distribution channels, the BJ method is applied for every room 

type in each of these channels. Next, due to the space limitation I have chosen to analyze 

prices just for one night stay. However, it can be extended for more nights following the same 

principles. Lastly, one should note that the more distant a forecast is, the more it is based on 

its lagged values and consequently the less reliable it becomes.  

 

3.4.3    The industrial organization approach     

 

Two important points should be foremost laid out for this approach. First, until now I assumed 

that hoteliers’ rational behavior manifested in their prices and thus all regressions above were 

supposed to find equilibrium rates as variables changed. Now, instead of finding the optimal 

price, the idea is to set it myself or let the demand and supply determine it. 

 

Second, I refer to the industrial organization (IO) approach (a branch of microeconomics 

dealing with strategic interaction in imperfect competition markets) since hospitality industry 

resembles much of such a market. It has several major players and thus is neither 

monopolistic nor perfectly competitive. Furthermore, price differentiation is relevant as 

different room rates can be set in each distribution channel.     

 

Two IO techniques, third-degree price discrimination and the Cournot model (Pepall, 2008, 

parts 2 and 3), are chosen as the potential tools. The first, also called market segmentation, is 

based on pricing the product in each market separately. In my case, online intermediaries are 

distinct hotel room outlets and for each one of them I would form a separate demand function. 

To be more precise, I would regress either the total prices for the whole stay or prices for one 

night on the number of nights at a particular room type sold through a specific intermediary. 

 

Refer to appendix 5 to get a better picture of what could be regressed on what to obtain the 

following demand function: P = α + β*Q. Note, I would be using an inverse demand curve. 

 

The core objective of the second technique, the Cournot model, is to derive the best response 

function (BRF) for each player in the market and to find the intersection point of those curves. 

This point would be the Nash equilibrium, a state where none of the firms wants to change its 

position unilaterally. A ground microeconomic rule for the monopolistic markets would be 
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applied for each company: marginal revenue equals marginal cost (MR1 = MC1)25. By 

inserting one firm’s BRF1 into another’s BRF2, the Cournot Nash equilibrium is achieved. 

 

At this point (before any empirical study), I can see from the data that there might be some 

difficulties in deriving the aggregate market demand curve and thus the best response 

functions for each hotel. The reason for it is merely the lack of data (I have only two hotels’ 

information). If BRFs cannot be acquired, this whole IO approach remains only a hypothetical 

solution for the pricing problem. Whether it is so, I leave for the Results part. 

 

Moreover, a harsh assumption has to be made about the marginal costs. In general, they are 

decreasing because costs, such as cleaning expenses, administration people’s salaries, etc., are 

divided to more and more units as an additional room is occupied. However, it is very difficult 

to get this kind of information. Therefore, my idea is to assume that MC is constant at a 

certain level. Even so, it is another impediment to test this room pricing approach.     

 

To close the Methods chapter, for all regression introduced above I shall use data of the 

simplest form, i.e., no modifications, such as log, square, etc. The reason for it is user-friendly 

usability. In other words, I aim to create such pricing tools that would be fairly easy to use and 

would not require complicated mathematical calculations. More to it, only linear functions are 

to be used, as nonlinear ones are usually applied to discontinuous data. 

 

The subsequent part of the thesis is devoted to the results of the empirical study. However, it 

does not necessarily mean that all models that are tested should be applied in reality. Nor I am 

going to present the findings according to this chapter’s structure. On the contrary, I show my 

discoveries in a way that would be consistent with the practical issues that emerged during the 

study. Lastly, the implementation aspect of these pricing techniques and their comparative 

analysis is left for the Discussion section.  

 

 

 

 

 

                                                           
25 Marginal revenue is the first derivative of the total revenue function and marginal cost is the first derivative 
of the total cost function. 
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4   Results 
 

The key issue that emerged during the empirical study was the simultaneity bias between the 

regressand and some of the regressors. This means that I cannot be sure what impacts what. 

To put it differently, it could be that instead of deriving a demand function I would get a 

supply curve. There are basically two ways to solve this problem. First is to use the 

instrumental variables (IVs). Second is to apply the time series techniques, such as ARIMA.   

 

Consequently, I have grouped my results into two main parts: models built on the pooled 

cross-section data and models built on the time series. All data that I have presented so far 

could be considered as pooled cross-section because they extend over a certain period of time 

and account for numerous factors. However, working with the time series I analyze only the 

room prices (just like explained in 3.4.2). 

 

To continue, I have restructured the graphical presentation of the pricing models in figure 7 to 

the below figure 8 so that the way I present my results would be consistent with the solutions 

for the simultaneity problem.  

 

 

 

 

 

 

 

 

 

Figure 8. Empirically tested models structured according to the remedies for the endogeneity. Source: own 
production. 

 

As the reader can see, I no longer distinguish between the models for online intermediaries 

and single hotels. Instead, I divide them according to the type of data they are based on. 

Further, as expected in the Methods part, I could not test the Cournot model (like intended in 

3.4.3) since there were no data to derive the aggregate demand function and the best response 
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curves for each hotel. Therefore, I have modified this IO approach to the hedonic pricing 

method where the endogeneity is solved again with the instruments (third block on the left).  

 

To make a few final remarks, the results that are provided in this chapter are isolated from any 

interpretations that follow in the next part. All statistical analyses were made with the SAS 

Enterprise Guide in conformity with Gujarati (2006) and Wooldridge (2008). 

 

4.1   Pricing models built on the pooled cross-section data 

 

This section includes three models. The first is developed for the historical data from online 

intermediaries (as explained in 3.3.1). The second is built for the “future historical” 

information from online distribution channels (like presented in 3.3.2). The third follows 

basically the same principle as the other two but was tested only on one hotel’s data (in 

principal as described in 3.4.1 but with less variables due to the lack of data.).   

 

4.1.1    A model for the historical data from online intermediaries 

 

First of all, I show the parameter estimates and then continue discussing their significance. As 

a matter of clarification, the ordinary least squares (OLS) method was used to get the 

estimates. On that account, regression (1) can be rewritten as it follows26: 

 qrs � 99+�, � >@@+�Q7�����x � >,>+9�7�����x [ ,,+\97���vx � 

s.e.              29.95         29.48                              29.46                           30.56 

t-values        2.63          -6.38                               -5.15                             1.82 

p-values   0.0093     <0.0001                         <0.0001                             0.07 

>9Q+Z�7v��� � Q>+2�7�x���������x [ 9�+@27z{| [ �+QQ7~�~��~����vw [ �rs. 
       32.31                     31.08                                           2.41                    2.62 

       -5.34                      -0.70                                         33.17                    3.51 

 <0.0001                        0.49                                    <0.0001                0.0006 

R2 = 0.8804 

F-value = 191.47; p-value <0.0001 

 

                                                           
26 Parameter estimates in all regressions are rounded to two digits after the decimal. 
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Below is the table of the parameter values and their standard errors. Notice, that the room type 

of delux double is the benchmark category. The coefficients attached to the other dummy 

variables must be compared with this omitted category, whose mean value is represented by 

the intercept measure (α). 

 

 Interce
pt*** Single*** Double*** Suite* Twin*** Deluxe 

single LOS*** Availabil
ity*** 

Parameter 
estimate 77.95 -188.02 -151.70 55.47 -172.39 -21.60 79.86 9.22 

Standard 
error 29.66 29.48 29.46 30.56 32.31 31.08 2.41 2.62 

Table 7. The parameter estimates for regression (1). Source: own production. 

 

As one can find it in chapter 3.3.1, hypothesis 1 tests the significance of the variable room 

type. According to table 7, it can be accepted in all but one case. Single, double, twin and 

delux double room kinds all have a significant effect on the price at the two-sided 5% level as 

the t-values are above 1.96. The suite room class is significant at the 10% level. The only 

room type that has no significant impact on the price is deluxe single. 

 

The mean value of the control room category deluxe single is 77.95 meaning that in case LOS 

and availability were zero, this room type would cost that much. All the other room kinds 

have to be compared with this value: single would be worth 188.02 Lt less, double – 151.70 

Lt less, suite – 55.47 Lt more, twin – 172.39 Lt less, and delux single – 21.60 less.  

 

The variables availability and length of stay both have a significantly positive influence on the 

price. Their t-values accordingly are 3.51 and 33.17. If availability of a certain room type 

increases by one unit, the price increases by 9.22 Lt and one extra day of a stay costs another 

79.86 Lt. Next, a high F-value of 191.47 marks the joint significance of the variables. Finally, 

R-square of 0.88 means that 88% of the variation of the price is explained by the regressors. 

 

As argued before, there are two possibly endogenous variables: length of stay and availability. 

For the first one lagged daily precipitation rates qualified as a proper instrument. It does 

correlate with LOS (t=-4.09) and should not have any significant relationship with the price. It 

is a random natural phenomenon that hoteliers do not take directly into account, although it 

could correlate with the price through other variables like LOS. This reasoning is supported by 

the insignificant relationship between the instrument and Pit (t=0.05).  
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For the second variable a lagged monthly number of incoming air passengers was chosen as 

an instrument. It has a significant correlation with availability at the 10% level (t=-1.73). On 

the other hand, I presume that managers do not directly associate this economic factor with 

the room rates simply because it would be too complex to include every indirectly relevant 

industrial measure in their pricing decisions. Moreover, checking the correlation between 

these two variables the t-value is only 0.62, which endorses my argumentation.  

 

Testing for the endogeneity with these instruments, both LOS and availability were found to 

be exogenous. In the auxiliary regression, the residuals’ coefficient is strongly insignificant in 

both cases, respectively (t=0.05) and (t=0.62). Hence, with this particular data set regression 

(1) does not have the simultaneity problem.   

 

Even though the four basic assumptions of the classical linear regression model were tested, I 

leave it for the next pricing method. In short, the residuals seem not to be normally distributed 

and the variables show some signs of multicollinearity, but all this have little effect on the 

predictive power of regression (1). Also, heteroscedasticity and autocorrelation appear to be 

present but the remedies suggest them not to have a major significance on the parameters.   

 

Finally, 190 observations are used ranging from 2010 July 3rd to same year July 17th. The 

results could greatly vary with respect to the data set. The data selection significance on the 

outcome is elaborated in the Discussion part. 

 

4.1.2    A model for the “future historical” data from online intermediaries 

 

To start, regression (2) is run based on the two data sets: the first one goes to 2012 January 

12th and the second one extends to 2011 March 27th. The rationale behind this division is 

based on the availability of the data for hotels’ occupancy rates, which are used as a proxy for 

macro situation. These rates are accessible until 2010 March and since I lag them by one year 

I can take data from an online intermediary only until 2011 March. Thus, regression (2) is 

slightly modified to the one without the occupancy rates and the one with them. 

 

Next, as shown in figure 7 a model for the “future historical” data from an online intermediary 

can be further subdivided according to the day for which the room price is to be set (using 

cross-section data or data prior or post the day of interest). Due to the space limitation and 
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data peculiarities, I have chosen to test regression (2) following only the availability of the 

occupancy rates. The model that does not include these rates has the following parameters27:  

 qrs � 9Z+Z@ � >,9+297�����x � >Q�+@,7�����x [ �2+\Q7���vx � >29+\>7v��� � 

s.e.                  4.92         4.63                               4.71                              4.45                             6.15 

t-values        14.93      -34.04                            -27.59                            21.68                          -27.20 

p-values  <0.0001   <0.0001                         <0.0001                       <0.0001                       <0.0001 

>Q+�\7�x���x������x [ @\+�,7z{| � >+\�7~�~��~����vw � >Z+9Z7���vx� � 

     4.56                                             0.54                     0.72                                        2.76 

    -2.84                                        154.84                    -2.08                                       -4.98 

0.0046                                       <0.0001                 0.0372                                  <0.0001 

Z+227�A���� [ 2+�>7����x� � �+\Q7x�x�v [ �+�27�q� [ �rs.  
   3.10                          2.78                              2.18                    0.0071                       

  -1.18                         2.48                             -0.19                        9.11 

   0.24                        0.013                            0.846                 <0.0001 

R2 = 0.8705 

F-value = 2888.05; p-value <0.0001 

 

The benchmark category is a deluxe double room in autumn. The null hypothesis (5) 

according to which the type of room is insignificant can be rejected in every case. To 

compare, one would have to pay 157.67 Lt less for a single room, 129.85 Lt less for a double, 

96.42 Lt more for a suite, 167.41 Lt less for a twin and 12.94 Lt less for a deluxe single.  

 

Next, the null hypothesis that length of stay has no significant effect on the price can also be 

strongly rejected (t=154.84) as a customer would have to pay 84.05 Lt for every extra day. 

Similarly, the null hypothesis (7) implying that hotel’s availability is not related to the price is 

rejected as well (t=-2.08). Together with every new vacant room the average price of the same 

kind of room drops by 1.49 Lt.    

 

What concerns seasonality, only the spring parameter is insignificant (t=-1.18). While, winter 

and summer are both significantly related to the price (t=-4.98; t=2.48). Thus, the null 

hypotheses (8) and (10) are rejected and (9) is accepted. In line with the common sense, one 

                                                           
27 In appendix 6, the reader can find the SAS output for regression (2) without the occupancy rates. 
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would have to pay 13.73 Lt less for a room in winter and 6.91 Lt more in summer. 

Furthermore, whether it is a weekend or some holiday in the country has no significance on 

the price (t=-0.19) and so the null hypothesis (11) is accepted. 

 

Finally, even though the null hypothesis (13) about the number of days a booking is made 

prior to arrival is rejected (t=9.11), the parameter value is only 0.06 meaning that it costs only 

6 cents more if the check-in is one day later. To add, a big F-value of 2888.05 tells us that 

jointly all variables are significant and R-square of 0.87 means that 87% of the variation of the 

price is explained by all independent variables. 

 

Turning to the model with the occupancy rates included, the results for regression (2) are 

provided below28. The benchmark category is again a deluxe double room in autumn.  

 qrs � �Z+>9 � >@,+��7�����x � >,�+@�7�����x [ 9Q+�Z7���vx � >@9+@\7v��� � 

s.e.            28.47           6.90                            6.90                           6.83                         8.16 

t-values    -0.11         -26.83                         -23.16                         10.54                     - 23.03 

p-values    0.91      <0.0001                     <0.0001                     <0.0001                   <0.0001 

>,+��7�x���x������x [ @�+@Q7z{| [ �+�27~�~��~����vw [ >\+9@7���vx� [ >�+>7�A���� � 

    7.20                                         0.76                  0.88                                      6.51                      12.94 

   -2.09                                    105.83                  1.10                                      2.27                        0.78 

    0.04                                  <0.0001                  0.27                                     0.02                        0.44 

\Z+Q>7����x� � �+Q27x�x�v [ \+�@7����A~��w��~vxsf] [ �+�@7�q� [ �rs+ 
      10.15                       3.07                       0.87                                                0.09 

      -4.26                      -0.09                       4.69                                                0.87 

 <0.0001                      0.93                 <0.0001                                                0.39 

R2 = 0.846 

F-value = 1278.19; p-value <0.0001 

 

In this case, the control category (or the intercept) is insignificant (t=-0.11). Whereas all other 

room types have a significant effect on the price: single (t=-26.83), double (t=-23.16), suite 

(t=10.54), twin (t=-23.03) and deluxe single (t=-2.09). Accordingly, the parameter signs and 

values for the room type in both regressions with and without the occupancy rates are similar 

                                                           
28 Refer to appendix 7 to find the SAS output for regression (2) with the occupancy rates included. 
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(except the intercept). Again, the LOS variable is highly significant (t=105.83) with the 

positive value of 80.82 Lt for each extra night. 

 

Differently from the previous case, availability plays no significant role on the price when the 

macroeconomic situation is taken into account (t=1.10). Regarding the seasonality factor, the 

most intensive summer and winter seasons have an impact on the price (t=-4.26; t=2.27). 

Oddly enough, summer has a negative (-43.31) and winter has a positive (14.78) effects. As 

well as before, the event variable has no influence on the price (t=-0.09).  

 

Next, the average occupancy rate of hotel’s beds that represents the general situation in the 

hospitality industry does have a positive effect on the price (t=4.69). Lastly, number of days 

between the booking and the check-in loses its significance (t=0.87) once the occupancies are 

introduced. In addition, all variables are jointly significant (F=1278.01) and explain 84.60% 

of the variation of the price. 

 

To proceed with the endogeneity problem, I first take the case when the occupancy figures are 

not included. As initially intended, daily precipitation rates did not qualify as a proper 

instrument neither for availability nor for length of stay due to no correlation with either of 

them (respectively, t=-0.67; t=-1.21). From all other variables that I tried, CPI monthly change 

(%) was found as an IV for availability. It has a significant relationship with the possibly 

endogenous variable (t=-4.02) and does not correlate with the price (t=0.60). 

 

Although it is hard to argue verbally whether CPI change could have a direct impact on the 

room rates, the correlation test suggests no straightforward connection (at least with the 

current data). Next, no instrument was found for LOS as all variables that I tested did not 

correlate with it. Hence, the availability variable turned out to be exogenous (the t-value of the 

residuals’ parameter 0.60). Whereas length of stay might be accepted as exogenous based on 

the logical reasoning that the number of nights one can book is an independent hotel’s service.  

 

In the second case when hotels’ occupancies are included, precipitation rates were a proper 

instrument for the LOS variable. It has a significant correlation with length of stay (t=-6.39) 

and should not play a direct role in the pricing decisions. The latter argument is supported by 

the insignificant relationship between the IV and the price (t=-0.04). However, nothing 

correlated with the availability variable and thus no instrument was found for it. 
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Looking at the auxiliary regression, the residuals of LOS are insignificant (t=-0.04), which 

means that this variable is not endogenous. However, availability cannot be checked. To sum 

up, a particular data set plays a major role on the choice of the instruments. Even though 

precipitation rates are preferred due to their random nature, they do not always correlate with 

the tested variable. If so, other IVs might be tried out but it could also be more difficult to 

make sound verbal arguments about their relationship with the price (if correlation does exist). 

 

Lastly, the four basic assumptions, i.e., normality, multicollinearity, heteroscedasticity and 

autocorrelation, were tested for regression (2) with the hotels’ occupancy rates included and 

not included. To start with the first one, it assumes that the error term is normally distributed 

with a zero mean and constant variance εt ~ N(0, σ2). To check it, the graphical tests 

(histogram and probability plot) and one numerical test (Jarque-Bera) were used.  

 

The results of these tests are provided in appendices 8-13. To sum them up, the graphical tests 

in both cases show the ambiguous outcome. Based on the JB-test, its value is 1178.6271 

(p<0.0001) when macro situation is accounted for. When it is not, the JB-value is 1388.6447 

(p<0.0001). Thus, the null hypothesis of normality is firmly rejected in both cases. However, 

it does not affect models’ predictive power and therefore does not require any remedies.  

 

To continue, multicollinearity means that two or more variables are correlated. In appendices 

14 and 15 the reader can find the pair-wise correlations between some regressors. In both 

cases, when the occupancy rates are incorporated and not, there are number of variables that 

significantly depend on each other, e.g., availability = -0.05343*LOS (p=0.0001), single = -

0.44667*double (p<0.0001), winter = -0.21240*spring (p<0.0001), etc. Nevertheless, the only 

effect of multicollinearity is big standard errors but that does not harm the accurateness of 

estimations (though inferences might suffer). As a result, I go on without any curative actions. 

 

The third assumption of heteroscedasticity presumes that the variance of each error term ui is 

constant σ2; otherwise, disturbances are not homoscedastic. To check it, I plotted the squared 

residuals against the price (appendices 16, 17) and used White’s test. No definite conclusion 

could be made from the scatter plots. White’s statistics follow Chi-distribution and in case 

when no occupancy rates are introduced its value is 531.476, when occupancies are 

incorporated, it becomes 342.0788 (critical value – 5.99). Hence, the null hypothesis of 

homoscedasticity is clearly rejected in both cases. 
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To cure this problem, the heteroscedasticity-corrected variance matrixes were obtained 

(appendices 18, 19). The only difference with the original regression is the significance of the 

winter variable when the occupancies are incorporated (t=2.40). What it comes down to is that  

the t- and F-statistics are reliable even when heteroscedasticity is present. 

 

According to the last assumption of autocorrelation, there should be no correlation between 

the disturbance terms E(uiuj)=0. A plot of the lagged residuals vs. the residuals and the LM-

test were employed. As before, the graphical tests (appendices 20, 21) require further 

numerical analysis. From the LM-tests (appendices 22, 23) one can see that in both cases (the 

occupancy rates included and not) the p-values are <0.0001 for AR(1) up to AR(4). This 

implies that the residuals are significantly dependent on each other as far as to the fourth lag.   

 

One of the possible remedies is to use the generalized least squares (GLS) approach. After 

certain modifications, regression (2) is changed as in appendices 24 and 25. Even though the 

t- and p-values do change in some cases, the significance of the parameters remains unaltered 

(except one case for the winter variable). On that account, I conclude that autocorrelation is 

not big a problem; although, the OLS estimators no longer have a minimum variance. 

 

In short, all 4 assumptions are rejected. However, in case of the first two the predictive power 

of the model, which is the primary objective, is not reduced. In case of the last two, the 

significance of the parameters does not change after the remedial actions are taken. Therefore, 

none of these flaws really harm the model.  

 

4.1.3    Linear regressions based on the single hotel’s data 

 

As noted in the beginning of this chapter, I could not test the Cournot model for the hotels that 

provided their data since it was not possible to derive the best response functions for all 

players in the market. To make the best use of the information that was given, I deviated from 

what was intended to do with the IO techniques (3.4.3) to a simple one regressor model, 

where either price for one night or total price was regressed on the number of nights.  

  

To make it clearer to the reader, these are the models that were tested: 

|����x�qrs � t [ u7����x��� ����¡v� [ �, ¢�v~��qrs � t [ u7����x��� ����¡v� [ �. 
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Thus, I have analyzed two room types from three distributors (data for 10 months from 2009). 

Since both single and overall prices were tried, in total twelve regressions were obtained. The 

endogeneity problem was checked and solved in case a proper IV was found. 

 

To sum up the results for all 12 regressions, table 8 shows the parameter estimates and their 

significance for every combination of a room type, intermediary and a certain price. There is 

only one independent variable, number of nights, which is indicated in the very top left square 

of the table. In the second top left square, the room type is marked (either single or double). 

Whereas Booking, Webresint and Own stand for the three distribution channels.  

 

No. of 
nights 

Single 
room 

Booking – 
single P 

Booking – 
total P 

Webresint 
– single P 

Webresint 
– total P 

Own – 
single P 

Own – 
total P 

Parameter 
estimate 

-0.2494 34.1063 0.9537 37.8079 1.0518 39.3169 

t-value -0.45 29.31 0.59 8.70 1.04 14.20 

Table 8.1. The parameter values and their significance for the single room models. Source: own production. 

 
No. of 
nights 

Double 
room 

Booking – 
single P 

Booking – 
total P 

Webresint 
– single P 

Webresint 
– total P 

Own – 
single P 

Own – 
total P 

Parameter 
estimate 

2.3482 56.7801 1.7537 48.9859 -0.2927 45.1181 

t-value 2.75 26.07 1.92 23.05 -0.44 22.06 

Table 8.2. The parameter values and their significance for the double room models. Source: own production. 

 

The first observation from the above tables is the significance of number of nights when total 

price is used as the dependent variable. The opposite outcome is obtained when single price is 

taken; in that case, the regressor is insignificant (except for the double room on 

Booking.com). To make the second remark, notice that the magnitude of the independent 

variable is reasonably high (from 34 to 56) when total P is the regressand. In case it is single 

P, the independent variable becomes much lower or even negative (from -0.29 to 2.35).   

 

To continue with the simultaneity bias issue, daily precipitation rates qualified as a proper 

instrument just in one case, i.e., a single room sold via Booking.com (the first two columns in 

table 8.1). It correlates with number of nights at the 8% acceptance level (t=1.79) and as 

already argued should not be directly related to the price. From the auxiliary regressions, the 

residuals are insignificant both when the single and overall rates are used for the dependent 

variable (respectively, t=-0.51; t=-1.57). Thus, there is no endogeneity in this example. 
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Next, some other variables were tested as the potential IVs. The only instrument that I can 

make verbal arguments for was found in a case of a double room distributed through hotel’s 

own canals (the last two columns in table 8.2). On this note, monthly number of incoming air 

passengers does correlate with number of nights at the 9% acceptance level (t=-1.76). Also as 

reasoned in 4.1.1, it should not be related with any other economical measurements (GDP, 

purchasing power, etc.) that would directly move the prices (thus be in the error term). 

 

Subsequently, the independent variable showed clear signs of the endogeneity. In case of the 

single price, the t-value of the residuals’ parameter is 4.83 and in case of the total price it 

becomes 3.64. An interesting outcome was achieved after applying the two-stage least squares 

method for the simultaneity. Comparing to the original regressions, the parameter estimates of 

the independent variable changed. Now it is significant (t=-4.86) though negative (-18.02) 

when price for one night is the regressand and insignificant (t=0.09) in case of the total price. 

 

Instead of checking the basic assumptions for all twelve regressions, I did that for the last two 

models. In this manner, one can see how the outcome changes after applying the 2SLS 

technique. Starting with the original price vs. number of nights regression, the residuals seem 

to be normally distributed (JB – 4.27) when single price is taken and not normally distributed 

(JB – 492.91) when total price is used. Next, White’s test suggests that heteroscedasticity is 

present in both cases as its statistics are above the critical value (7.76>5.99 and 84.1>5.99).  

 

Looking at the LM test, autocorrelation is also present for the both single and total price 

models. The residuals are correlated up to the fourth lag as their p-values are very small 

(<0.001). After the 2SLS is employed, the results slightly change. The residuals are again 

normally distributed for a single price model but the JB-value is now smaller (0.98). In the 

total price version, JB statistic is still above the critical value but lower than before (64.32).  

 

According to White’s test, heteroscedasticity remains but its statistics are not so above the 

critical values (7.4>5.99 and 50.9>5.99). Finally, the LM test shows that there is still 

autocorrelation for the single price model but not for the total price one (the LM-values are 

now from 1.92 to 2.05). In conclusion, the two-stage least squares method did improve the 

residuals’ behavior. However, the remedial actions suggest that the violation of the 

assumptions does not harm model’s predictive power neither before the 2SLS nor after it.  
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4.2   Pricing models built on the time series 

 

As explained before, another way to solve the endogeneity problem is to use the time series 

techniques. One of them is the ARIMA method. The results for it are provided below.  

 

4.2.1    The ARIMA approach 

 

To begin with, I have analyzed room prices for one night provided by two hotels. The first one 

gave its data classified according to the distribution channels (Booking, Webresint, etc.) and 

the second one granted access to the accumulated information. The figures date from February 

2009 to November 2009 (first hotel) and from April 2007 to March 2010 (second hotel).  

 

Below in table 9, the reader can find the best ARIMA model for each room type. Booking, 

Webresint and Own refer to the distribution channels. An abbreviation GH stands for the 

Guest House, i.e., a hotel that did not distinguish between the intermediaries. In addition, I 

have also included the AIC and SBC information criteria plus the out-of-sample forecasting 

error (the mean absolute error). In the first 6 cases, prices are predicted for 5 days. In the last 4 

examples, forecasting is done for 20 out-of-sample days (due to the more extensive data).  

 

 Booking 
single 

Booking 
double 

Webresint 
single 

Webresint 
double 

Own 
single 

ARIMA (0,1,1) (0,1,1) (1,1,1) (0,1,1) (0,1,1) 
AIC 386.0018 728.0161 88.9787 229.9381 411.3351 
SBC 390.2881 733.3049 90.6736 232.9909 415.3131 
Forecast error 3.38 2.87 8.84 2.68 2.15 

Table 9.1. ARIMA models and their forecasting power. Source: own production. 

 
 Own 

double GH single GH double GH double 
lux 

GH double 
lux family 

ARIMA (2,0,0) (3,0,0) (1,0,1) (2,0,0) (0,1,2) 
AIC 793.3339 7386.197 54184.51 5858.517 2224.645 
SBC 801.408 7399.785 54203.97 5871.284 2234.555 
Forecast error 5.60 8.81 36.93 75.26 53.19 

Table 9.2. ARIMA models and their forecasting power. Source: own production. 
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To form an ARIMA model, a stochastic process has to be stationary, i.e., its mean and 

variance must be constant. I have used three tests for this assumption: a plot of the time series, 

a graphical inspection of the autocorrelation function (ACF) and the partial autocorrelation 

function (PACF), and a unit root test. The middle term d in the (p,d,q) shows whether the 

original time series are stationary. If they are not, the first difference of the data is taken and 

the d value is 1. In appendices 26-28, the results of these tests are given for one of the models.   

 

To move from the conventional ARIMA (p,d,q) approach to the actual equations, a specific 

mathematical formula as shown and explained in appendix 29 has to be used. After the 

corresponding manipulations, all 10 models from the table have the following forms (keeping 

the same sequential order): 

 £qrs � �+�Z@Z, [ ¤s � �+2Z22�7¤sf] £qrs � ��+>>99@ [ ¤s � �+,��\@7¤sf] £qrs � >+Q>9�� � �+�9�>,7£qrsf] [ ¤s [ �+@Z�9,7¤sf] £qrs � ��+�Q2�2 [ ¤s � �+299>27¤sf] £qrs � ��+�Q9�, [ ¤s � �+@Z,Q�7¤sf] qrs � Q>+>2>2@ [ �+QZ,�Z7qrsf] [ �+ZQ9�>7qrsfy [ ¤s qrs � Q>+@\,\ [ �+\\2@�7qrsf] [ �+\2�\Q7qrsf} [ ¤s qrs � Q+Z�9>� [ �+���Q7qrsf] [ ¤s [ �+@�@2�7¤sf] qrs � \9+Q�\,� [ �+ZZ2�97qrsf] [ �+\@Z�7qrsfy [ ¤s £qrs � ��+\@ZQZ [ ¤s � �+2�,�Z7¤sf] � �+Z,9>7¤sfy 

 

To sum up, all coefficients except one from the above equations are statistically significant 

(p<0.0001). The only exception is Webresint single (third from the top), as the coefficient of 

the moving average term (¤sf]) has t=-1.58 and p=0.1455. If it is removed, the predictive 

power does not increase. More to it, the constant term in the first 5 models is insignificant 

(p>0.7). However, it is significant (p<0.0001) in the last 5 equations29.  

 

                                                           
29 Note that an intercept term in a model in differences is equivalent to a trend term in a model in level, i.e., no 

differences (La Cour, 2008, ex. 7). This implies that the original data of the first 5 regressions have no trends. 
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Finally, one more assumption in ARIMA models besides stationarity is that the residuals are 

not autocorrelated (it is important at the forecasting step). To check it, one needs to look at the 

ACF and the PACF plots of the residuals as well as at the Ljung-Box statistic. If there are no 

significant spikes in the autocorrelograms and the Ljung-Box has low values (<0.05 or <0.1), 

the model is well specified. All cases from table 9 show no signs of autocorrelation. Due to 

the space limitation, I give only one example of these tests in appendices 30 and 31.   

 

To close this section and the whole chapter, all results presented above are interpreted and 

debated in the forthcoming Discussion part. I elaborate there on how to choose between the 

models and what their strengths and weaknesses are. 
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5   Discussion 
 

To generalize what has been done, all pricing methods that were tested directly answer the 

research question by showing the specific procedures for how to set an optimal hotel room 

price for an online intermediary. However, the reader should keep in mind that all outcomes, 

such as parameter estimates, are only an example of how this problem could be solved with 

the data that are available. The application of each model for both product Y and in general is 

discussed later in the chapter.  

 

In reference to the revenue management science, obtained results demonstrate how room 

prices could react to the changing market conditions. That is, dynamic asset allocation, which 

is the backbone of the classical RM process (as shown in figure 1), is supplemented by the 

dynamic pricing techniques. Hence, I have responded to what Phillips (2005) has called “a 

need for real-time pricing together with availabilities management”.  

 

Moreover, the models that are developed could be regarded as an alternative to the dynamic 

pricing methods presented in the paper by Bitran and Caldentey (2002) and introduced in the 

Theory part. In other words, the object in both cases is the same – to price a certain service 

dynamically, i.e., to react swiftly to the current market situation. However, my approach is 

based more on econometric forecasting rather than microeconomic calculations.    

 

Finally, one could ask, what new has been learned from the results that were achieved and 

why it is significant at all. The answer to the first question would be – data from the online 

intermediaries and distinct hotels can be used to price lodging services on a short-term basis in 

the unprecedented ways that are developed in this thesis. The answer to the second question 

would be – these results are necessary, first of all, to a specific product that company X is 

developing and, secondly, they make a contribution to a paradigm shift in the RM discipline. 

 

In the rest of this chapter, each pricing model that has been proposed is discussed one by one. 

First, I give the reader a general picture of the pros and cons of these techniques, e. g., in what 

circumstances a particular method could be most appropriate. Next, I comment on the specific 

results, such as signs of the parameters, and lastly conclude with the practical guidance. 
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5.1   Interpretation of the results from a model for the historical data from 

online intermediaries 

 

Regression (1) is built for the so called real historical data and is a retrospective pricing 

model. Room rates are acquired for the same days as when the data extraction is done and 

therefore do not change anymore. To use this way of information collection requires a few 

conditions. First, prices have to be downloaded on a regular basis and accumulated over a 

reasonably long period of time, say, two years. Second, there has to be a clear trend in room 

fares on which predictions could be made. If prices are constantly changing and no tendencies 

form, then it is unlikely that the forecasts would meet the reality.  

 

More to it, one could argue that this pricing method is rather static and thus does not 

correspond to the goal of my work, i.e., development of the dynamic price setting techniques. 

That is exactly why I pointed out the second condition that room rates should not change often 

but follow certain trends. If they are constant or behave according to some tendencies, then it 

does not really matter if one uses retrospective or perspective data since in both cases the 

figures are similar. Consequently, a static pricing counterpart becomes sufficient.  

 

An advantage of this technique (or data collection method) is a possible forecasting 

accurateness in case an extensive, e.g., several years long, data set is gathered. A clear 

disadvantage is that the number of days a booking is done before the check-in is not 

accounted for. In other words, the price can be found only for the same day as the booking is 

made. However, this con is relevant only if data from an online intermediary cannot be 

extracted for the past days (as in my case). Thus, it depends much on the technical capacities.   

 

Turning to the more concrete results, high R-square (88%) and significant parameters imply a 

well specified model. It means that the most important price determinants are included in the 

regression and in most cases they have an estimated influence on the rates 95% of the time. 

Bear in mind that high R-square could also mean an overfitting, which happens when the 

model is very complex and therefore is good at estimation but poor at forecasting (Wikipedia 

2010, Overfitting). However, regression (1) does not look too elaborate (7 variables for 190 

observations) and should not have this problem. 
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There are no hypotheses made about the signs or the values of the parameters (only about 

their significance). However, based on the logical thinking I would argue that the results are 

quite mixed regarding the magnitude and direction of the coefficients. To be more specific, 

the parameter estimate for length of stay (79.86) does make sense as each extra day costs that 

much to the client. Next, every vacant room adds 9.22 Lt to the price. That is contrary to the 

general knowledge that the more abundant a resource is, the cheaper it becomes.  

 

To continue, the room type parameters seem to follow the common sense only to some 

degree. That is, comparing to the benchmark category, delux double, other rooms, such as 

single, double and twin, cost less as they are inferior in quality. Nonetheless, a lower price by 

188 Lt, 151 Lt and 172 Lt respectively is more than the whole rate itself, which is obviously 

too much. One more odd detail is that in case LOS and/or availability are set to zero, we still 

get a positive room price. It could simply be explained by the model specification peculiarity. 

 

It is important to keep in mind that model composition and exact results depend much on the 

data set. In my case, I had access only to a few weeks long information. If the time horizon 

was longer, regression (1) could be extended by the new variables, such as seasonality, 

holidays, etc. Thus, the pricing model proposed in 3.3.1 is by no means definite. In other 

words, the point is more in the data type (historical or perspective) and not so much in the way 

a model is constructed as variables could be added or dropped depending on the situation. 

 

Furthermore, regression (1) is built and tested primarily for product Y but could also be used 

for the same purpose, i.e., room pricing, in any other case. Again, the point is that the data 

were retrospective and collected from an online intermediary. If the figures were for the future 

days, it would make sense to include the booking time factor as in regression (2) from 3.3.2.   

 

To conclude, the application of the model consists of three steps. First, gather information 

from a distribution channel (like explained in 3.3.1). This should take quite some time, as data 

must be accumulated over a reasonably long period in order to form an extensive database. 

Then, run regression (1) with statistical software, e.g., the SAS Enterprise Guide, get the 

parameter estimates and assign the values to the variables to obtain the price prediction. 

Finally, one should test for the endogeneity and the four basic assumptions.  
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If the simultaneity is found, instrumental variables and the two-stage least squares method 

must be used to cure it. Even though precipitation rates are preferred, the choice of the IV 

depends much on the particular data set. Therefore, the user is suggested to test the same 

variables as in this paper and/or to look for the new ones. Regarding the assumptions, 

stationarity and multicollinearity do not reduce the predictive power. In case of 

heteroscedasticity and autocorrelation, certain remedial actions ought to be taken30.  

 

5.2   Interpretation of the results from a model for the “future historical” data 

from online intermediaries 

 

Contrary to the previous model, regression 2 is built for and tested on the data for the future 

days. It uses room prices and other relevant information that are extracted from an online 

intermediary at a particular day for a certain period of time in advance. However, looking at 

the data from the perspective of the price to be forecasted they are still historical. Thus, it 

depends on the point of view (either extraction or prediction day’s) whether to call these data 

retrospective or perspective. Consequently, I have named them “future historical”. 

 

The main advantage of this pricing approach is that it reacts to the changing market prices 

every time regression (2) is run on the new data. For instance, information is downloaded on 

August 17th for up to few months ahead and certain predictions are made according to it. A 

week later, a new set of data is formed, which might have different figures. As a result, one 

gets altered price forecasts. Thus, this model is based not on the historical trends but on the 

current market conditions. Figure 9 shows how prices for the same service change in time. 

 

 
Figure 9. One night price for a single room on August 22nd vs. data extraction time. Source: Booking.com.  
                                                           
30 In case the reader has to deal with heteroscedasticity or autocorrelation, refer to Gujarati (2003, p.: 415-422; 
475-484) and contact the author for the SAS code.    
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Another pro of using “future historical” figures is that the number of days a booking is made 

before the arrival can be accounted for. It is simply a difference between the current day 

(when prices are gathered) and the check-in. Based on the general experience this factor could 

play a major role in determining the rates31. Moreover, regression (2) unlike (1) also includes 

variables, such as seasonality, event and occupancies; that is due to the larger database.  

 

A sole disadvantage comparing to the previous model concerns rather technicalities than the 

performance itself. That is, new data have to be used each time the regression is run (since 

they are changing), whereas using historical figures forecasts could be made on the same 

parameters (or data set might only be supplemented by new figures). However, it does not 

harm the forecasting accurateness and with the adequate IT solutions should not be an issue. 

 

As portrayed in figure 7, the “future historical” data are further subdivided into the cross-

section and pooled in various ways (prior or post the day of interest) subsets. Although, I have 

not tested all these variations (due to the space restriction), it is reasonable to use the most 

extensive information, which would be all prices before and after the day of a forecast. The 

logic behind it is as simple as: the broader the data, the more accurate the predictions are.  

 

To continue, I still distinguished between the ways data can be pooled to show different 

possibilities one might consider. In a way, regression (2) with and without the occupancy rates 

could illustrate this point. When the occupancies are included, data set gets shorter (until 2011 

March 27th), and if not included – longer (until 2012 January 22nd). Suppose we need a price 

prediction for 2011 March 27th. Using less information would stand for the pooled data before 

the day of attention and using more info would represent the “before and after” alternative.      

 

Once the occupancy rates are incorporated, number of days prior to arrival (BPA) and 

availability variables become insignificant (t=0.87 and t=1.10). However, if working with the 

broader data set these variables are significant (t=9.11 and t=-2.08). Thus, the findings support 

my argument that more extensive information provides better results (assuming that BPA and 

availability should have an impact on the price). In appendix 32, I have shown how room 

rates depend on the booking time factor.  

                                                           
31 Note that the booking time aspect is not the only leverage that determines the price. Therefore, it does make 
sense to use the new data every time regression (2) is run. Otherwise, it would suffice to rely on the same set of 
information and use only this variable (BPA) for the booking time factor. 
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Proceeding with the parameter estimates, the coefficient for the event variable is highly 

insignificant with and without the occupancies rates (t=-0.09 and t=-0.19). It means that hotels 

either did not adjust their prices to some special events or the data did not capture this. Next, 

contrary to the previous model availability’s parameter has a negative value (-1.49), which is 

in line with the reasoning that empty rooms push down the prices. Although using more 

limited data set, it is insignificant (another support for working with broader information).  

 

In general, the parameter estimates are again quite mixed, i.e., not necessarily as expected. For 

example, the later arrival stays are more expensive (by 0.06 Lt for each day). Prices for the 

single double and twin rooms are lower than for the deluxe double by more than the whole 

rate itself. However, each extra day, as anticipated, adds app. 80 Lt. Likewise, seasonality 

does matter but the results depend on the data length: with the occupancy rates summer has a 

negative impact (-43 Lt) and without them it has a positive influence on the price (7 Lt). 

 

Just like it was mentioned in the discussion of the previous model, results of the estimates 

depend on the specific data. However, the distinguishing feature of this “future historical” 

approach is every time new figures for the future days. Another inference can be drawn from 

the high R-squares (app. 86%) and the significant coefficients (at least ¾ of them are 

significant). It implies that the model is well specified, whereas the overfitting should not be a 

problem as the sample size is much bigger than the number of variables. 

 

The reader should notice a few more things. First, in case regression (2) had insignificant 

coefficients, one could still use this model. However, such parameters would have little effect 

on the price. Second, as mentioned in the Methods part, both historical and “future historical” 

models are explanatory and implicitly assume that hoteliers act rationally and maximize their 

profits. Therefore, each forecast is a new equilibrium point determined by certain factors.  

 

Finally, the application of the model (either for product Y or other object) is very much like 

explained in 5.1. The only difference is that new data have to be downloaded and used each 

time regression (2) is run. In short: the user extracts all relevant data, runs the regression on 

them and gets the parameter estimates. Then she or he assigns certain values to the variables 

and gets the forecasts. As well as before, the endogeneity and the four basic assumptions 

should be checked and if needed remedial actions ought to be executed.  
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5.3   Interpretation of the results obtained from the single hotel’s data 

 

The main differences between what I called “Linear regressions based on the single hotel’s 

data” and the previous pricing models are the type and the source of the data that they were 

built for and tested on. Instead of employing information from the online intermediary, some 

particular hotel’s historical figures are used. They tell us not how much it costs to book a 

certain room in the future but what bookings were already made in the past.  

 

This pricing approach and its results presented in 4.1.3 relate to what was explained in 3.4.1 

Multivariable models. However, I have deviated from it by using just one independent 

variable number of nights instead of the multiple price moving factors. That is merely due to 

the lack of data. To make the most from what was accessible, I reduced the model to just one 

regressor. Otherwise, a similar specification as for regression (2) could have been used. 

 

Moreover, the regressions constructed in 4.1.3 (single/total price vs. number of nights) 

resemble much of a classical demand function, which I would have used in testing the 

Cournot model. As a matter of fact, all regressions in this paper employed for the hedonic 

pricing purposes could also represent the demand curves. However, the point is that I use 

them to predict an optimal price and not to set it according to certain microeconomic rules, 

such as marginal cost equals marginal revenue (in case of a monopoly).   

 

The key advantage of using historical data as in 4.1.3 is the possibility to build an extensive 

database. Its length is restricted only by the interval of time for which past bookings were 

stored. That is contrary to the case when information from the online intermediary can be 

gathered just for over a year in advance. The disadvantage of the model is that it is limited by 

one independent variable. It means that prices are determined only by the number of nights, 

whereas other factors, such as booking time and availability, are not accounted for.  

 

Looking at the parameter values, only the total price dependent variable is significantly and 

positively related to the regressor number of nights. However, an overall rate should by 

default depend on the length of stay, as the longer a client stays the more it costs. It also 

makes sense that the coefficients are higher for the double room models. This means that each 

extra night at a double room is worth more than at a single room.  
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When single price is regressed on number of nights, the latter does not have a significant 

effect on the later (except for the double room on Booking.com). It implies that the price for a 

single night does not depend on how long a guest is staying and is determined by other factors 

that are hidden in the residual term. One of the possible interpretations of it could be that this 

specific hotel did not apply any discounts related to the length of stay.  

 

To support the above statements, R-squares of the single price models are very low (0.003-

0.0887). Contrary to that, they are quite high for the total price regressions (0.7957-0.9332). 

Consequently, a logical suggestion would be to build an equation for the total price and then if 

needed to divide a forecast by the number of nights to get a single price.  

 

One more peculiarity in 4.1.3 is that the intercept term of the single price models is always 

highly significant and positive, but mostly insignificant and slightly negative of the total price 

models. It could be explained by the argument that when the number of nights has no effect 

on the single price, some of the explanatory power goes to the intercept.  

 

The last point of notice about the parameters is their magnitude. In case of the total price, the 

values range from 34 to 56. It makes sense as the room rates are also between these 

boundaries. In case of the single price, the coefficients are close to zero. Thus, low and 

insignificant parameter values give no support for using single price as a regressand.   

 

Furthermore, the simultaneity bias results show that with a proper instrument this problem is 

likely to be found. In addition, the two-stage least squares method seems to change not only 

the parameter values but also the behavior of the residuals. What it comes down to is that one 

should either try the same instrumental variables as in this paper or look for some other as the 

outcome may severely depend on the presence of the endogeneity. 

 

Finally, the implementation of this pricing model when only number of nights is used as the 

explanatory variable is quite straightforward but also limited. It is forthright because one 

simply needs to assign the value for how long the stay should last at a certain room. On the 

other hand, the model is restricted by no price variation in regard to the other factors. 

Moreover, the user has to build a new regression for each room type. However, it would 

suffice to use the same data with successive additions as they are historical and do not change.  
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5.4   Interpretation of the results from the ARIMA approach 

 

The distinguishing feature of the time series method used in this paper is its descriptive 

nature. To put it differently, the simultaneity bias problem is solved by eliminating all 

explanatory variables and leaving only the lagged values of the regressand and the residual 

term to describe the price. Together with the two-stage least squares method these are the two 

common ways to deal with the endogeneity issue when building a demand function.   

 

Consequently, the main advantage of the ARIMA technique is its solution for the above 

mentioned simultaneity problem. Apart from that, it is pretty straightforward to implement as 

there are no other explanatory variables; therefore, one does not have to look for any 

supplementary data. However, the disadvantage comes from model’s inability to explain what 

determines the price. It can only show the trends and make certain predictions from them but 

it cannot reveal what impacts the rates. 

 

Turning to the more specific results, the reader should first bear in mind that the point is to 

show the application of the Box-Jenkins procedure rather than to indicate the exact design of 

the models that should be used. In other words, the results provided in 4.2.1 are an example of 

what ARIMA specifications could be implemented with the data that was accessible. Below, I 

elaborate on how this Box-Jenkins technique must be used once the new data are available.  

 

First of all, one should assess whether the time series are stationary or not. This is done by a 

graphical inspection of the autocorrelation function (ACF) and the partial autocorrelation 

function (PACF) together with a unit root test. If the series are not stationary, their first 

difference has to be taken and then checked again for the stationarity.  

 

The next step is identification. That is, the p, d and q values of ARIMA (p,d,q) have to be 

found (what stands for what is explained in the Methods part). Again, one has to use the ACF 

and the PACF functions and their correlograms, i.e., their plots versus the length of the lag. 

By looking at these plots and comparing them with the theoretical patterns certain ARIMA 

models can be chosen. The reader may refer to table 22.1 in Gujarati (2003, p. 844) for the 

typical forms of the ACF and the PACF diagrams.  
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Once the p and q values are identified, the user has to estimate the parameters of the 

autoregressive and the moving average terms. This is done by several statistical packages. I 

have used the SAS Enterprise Guide. However, it is not so straightforward to move from the 

SAS output to the actual equations. Therefore, a formula as in appendix 29 must be used.  

 

When a particular ARIMA model is chosen and its parameters are estimated, one has to check 

whether it fits the data reasonably well. First, the residuals cannot be autocorrelated (look at 

the ACF and the PACF of the residuals and the Ljung-Box statistic). Next, the AIC and the 

SBC information criteria and the out-of-sample forecasting error can be employed to evaluate 

the model or to choose between the different options (just as shown in the Results part 4.2.1). 

 

A practical suggestion is to reduce the overall number of the parameters. For instance, if 

ARIMA(6,0,0) has been identified, it would make sense to test a multiple model, such as 

ARIMA(1,0,1) or alike. Moreover, if it is difficult to identify whether the series follow the AR 

or the MA process, it could also be a reference to a multiple model (La Cour 2008, ex. 7).  

 

To continue, when some particular ARIMA model is used to forecast a room rate, this 

prediction will depend on its lagged values that were forecasted as well. Thus, the more 

distant the price is to be set, the more it will depend not on the real observations but on the 

forecasts. Consequently, prognosis reliability is inversely proportional to the time horizon.    

 

Finally, I have provided the ARIMA results in 4.2.1 for the single night stays. To extend it for 

a multiple night purpose, there are two possibilities. First, use the same Box-Jenkins 

procedure but with the data of prices for two or more nights. Second, simply multiply a single 

price by the number of nights. Which way is better, depends on whether a hotel has some 

discount policy in regard to the length of stay; if it does not, then the latter method suffices.  

 

By this last comment I end the Discussion chapter. The next part is dedicated to summarize 

the whole thesis. It gives a short but memorable outline of what has been done and achieved. 
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6   Conclusions 
 

To remind the reader, the main research question proposed in this paper is: how to set an 

optimal hotel room price for an online intermediary? As reasoned in the Introduction part, a 

solution for this problem is relevant for two motives. First, it directly contributes to a 

particular product that the company I cooperate with is developing. Second, it adds knowledge 

to the revenue management discipline. I shall continue further according to these two aspects.  

 

The starting point of this thesis was a need for a specific pricing function that would be a part 

of product Y, which is being created to help hotels analyze and manage their online prices. 

More to it, the revenue management science has been dealing with similar problems in the 

airline and hospitality industries for years. However, it regards places management as a short-

term decision and prices management as a long-term one. Therefore, with the emergence of 

online distribution channels dynamic pricing became a necessary tool.    

 

Most of the Theory part I dedicated to the dynamic pricing techniques following a work by 

Bitran and Caldentey (2002). Those are the methods for pricing a product or a service on a 

short-term basis. In brief, the reviewed procedures are based on a certain calculus, where 

demand and cost functions are employed. Having data from an online intermediary, it was 

however not possible to apply the same methods and therefore the new ones had to be created.   

 

Thus, this is the path to the choice of the empirical type of my thesis, where the research 

methods are primarily statistical. The key idea is to construct certain regressions that would be 

used to find an optimal price (a new equilibrium point) once one of the explanatory variables, 

e.g., availability or length of stay, changes. The main problem that I faced and which shaped 

both the course of the empirical part and the final outcome was the simultaneity bias problem.  

 

There are basically two ways to solve the endogeneity issue. The first one is to use the 

instrumental variables and then if needed to apply the two-stage least squares method as a 

remedy. The second one is to employ the time series techniques, such as ARIMA, where only 

the lagged prices and the residual terms are left at the right-hand side of the equation. As a 

result, my findings are structured and discussed according to these two approaches.  
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Starting with the first way to deal with the endogeneity, I have tested three pricing models. 

They all have price as a regressand and differ only by the composition of the explanatory 

variables. The first one is regression (1) with these regressors: room type, length of stay and 

availability. The second one is regression (2) with four extra variables: seasonality, event, 

macroeconomic condition and days between the booking and the arrival. In the later case, the 

data are historical, in the latter one – prospective; and they are both from Booking.com. 

 

For the third model I have used the historical data from a single hotel and built a regression 

with only one independent variable, number of nights. The four basic assumptions are violated 

in all three cases, but the remedial actions suggest no substantial consequences to the 

predictive power of the models. The simultaneity is observed only for the last regression. 

After correcting for it, the significance of the parameters does change.   

 

Continuing with the second way to cope with the endogeneity, I have applied the Box-Jenkins 

methodology and composed ten ARIMA models. In case the figures are not stationary, their 

first difference is taken to solve it. Two hotels provided their historical data for this purpose. 

 

To compare all these pricing methods, the first three are explanatory and the last one is 

descriptive. In other words, the price is explained by certain deterministic factors in the first 

case. Whereas in the second one, predictions are drawn only from the historical tendencies 

without showing what determines them. To comment on the explanatory models, it would be 

advisable to use the most extensive prospective data since such important factors as the 

booking time, seasonality and macroeconomic conditions can be taken into account then.    

 

The key point I would like the reader to take from this paper is how to use data from an online 

intermediary to price hotel rooms dynamically. First, build a comprehensive database of the 

future prices and other relevant information. Second, construct an equation as regression (2). 

Third, check for the simultaneity and the four basic assumptions. It will provide you an 

explanatory pricing model. Note, this procedure has to be repeated for every new forecast.  

 

In summary, I have applied the well-known statistical concepts on a relatively new 

phenomenon, i.e., hospitality services sold online. Achieved results expand dynamic pricing 

theories by the new econometric insights. That, in turn, contributes to the paradigm shift in the 

revenue management science by responding to the need for a short-term pricing.  
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The final point regards the broader implications of my results. On the one hand, the pricing 

methods developed in this paper can be applied not only for the particular product Y, as 

initially intended, but also for any other similar purpose. The sole requirement would be to 

have the equivalent data and to share the same objective, i.e., dynamic pricing. 

 

On the other hand, the techniques that were tested in this thesis could serve as an impulse for 

scholars working in the revenue management area. Even though pricing for online distribution 

channels is quite a specific area of an expertise, it is nevertheless demanding an increasing 

academic attention. Thus, my insights suggest a new way of dealing with the online pricing 

primarily in the hospitality industry. 
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7   Recommendations 
 

Throughout the course of this work, I have mentioned several times that some things are 

beyond the scope of my work or that due to the lack of data it is not possible to test some 

ideas. Therefore, I suggest below the solutions for how to deal with these impediments and 

offer directions for the future investigations on my topic.   

 

The biggest problem that I faced was the data limitation. For example, the historical data from 

an online intermediary used for regression (1) were only two weeks long. Moreover, I 

included just one explanatory variable in the hedonic pricing model based on a single hotel’s 

information. Thus, a correction of these models is straightforward – more extensive and more 

diverse databases. In case the user or developer of my techniques had an access to the better 

data, the outcome would be much different and perhaps more reliable. 

 

To continue the same point, availability of the instrumental variables, which were necessary in 

many situations, depends also on the data that are accessible. Hence, it is advisable to look for 

the new IVs or test again the ones that were rejected, especially daily precipitation rates. 

Finally, I did not test the Cournot model because neither the cost functions nor the aggregate 

market demand function could be derived. Even though it would be a major task to get all this 

information, it would however allow addressing the pricing problem in a whole different way.  

 

Although hotel room rates are not that type of financial time series that would exhibit high 

volatility, one could nevertheless test whether there is the so-called autoregressive conditional 

heteroscedasticity (ARCH) effect. It basically means that the variance of the regressor at time 

t can be explained by the lagged values of the same variance (Gujarati 2003, p. 865). In case it 

did exist, the ARCH procedure could be used to model the volatile series. 

 

Once the results of this paper are put into practice, it would be reasonable to follow the 

outcome and to use this knowledge in a certain way. In other words, it could be a further task 

for the author to get a feedback from company X on whether the price predictions actually 

worked and how close they were to the reality and incorporate that information in the models. 

This would give the real life experimentation authority to the developed pricing methods. 
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Furthermore, my whole work hovers around the notion of price differentiation, where room 

rates can be set separately for each distribution channel. However, that raises some additional 

questions of how customers perceive differentiated prices, whether they expect rate parity, etc. 

These enquiries suggest a new area of investigation, i.e., how does price discrimination 

according to different online intermediaries affect clients’ online buying habits? More to it, 

the results of this study should be integrated back into the pricing models.  

 

At last, prices management is just a part of the revenue management process. Another 

important part of it is places distribution. A potential follow-up on this paper could take it to 

the next level, where dynamic pricing would be supplemented by the allocation of the number 

of rooms for each distribution channel. The task would be to set both an optimal price and an 

optimal amount of rooms for every online intermediary. 
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10  Appendices 
 

Appendix 1: RateTiger Suite by eRevMax. 

 

 
 
Above is a picture of the control window of a product called RateTiger Suite produced by 

eRevMax. It has a similar function as the one that this paper is dedicated to. The user can set 

the min and the max rates for different room types at different online intermediaries. 

However, that is just one of the functions that this program offers. 

 

Appendix 2: an example of the “Real historical data” from 3.3.1. 

 
Extraction 
data 

Hotel 
name 

Check-
in date 

Price Persons Type of 
room 

Availability Length 
of stay 

4/7/2010 Embassy 4/7/2010 45 1 Suite 2 1 
4/7/2010 City-park 4/7/2010 120 1 Single 3 2 
4/7/2010 Ratonda 4/7/2010 76 2 Double 10 1 
4/7/2010 Bwnaujasis 4/7/2010 180 1 Single 5 3 

Source: Booking.com. 

A data set of the historical information accumulated from the online intermediary 

Booking.com has a similar structure as in the above table. 
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Appendix 3: an example of the “Future historical data” from 3.3.2. 

 

Extraction 
data 

Hotel 
name 

Check-in 
date 

Price Persons Type of 
room 

Availability Length 
of stay 

4/7/2010 Embassy 4/9/2010 60 1 Single 2 1 
4/7/2010 City-park 28/8/2010 66 1 Single 3 1 
4/7/2010 Ratonda 15/8/2010 70 2 Twin 10 1 
4/7/2010 Bwnaujasis 1/8/2010 80 1 Double 5 1 

Source: Booking.com. 

A data set of the “future historical figures” extracted from the online intermediary 

Booking.com is structured as in the above table. 

 

Appendix 4: a fragment of the historical data from 3.4.1 (one individual hotel’s figures). 

 

Check-in 
date 

Check-out 
date 

Length 
of stay 

Price Persons Type of 
room 

4/7/2009 5/7/2009 1 56 1 Single 
15/8/2009 18/8/2009 3 299 2 Double 
10/10/2009 12/10/2009 2 199 2 Double 
6/3/2010 7/3/2010 1 75 1 Single 

Source: partner hotel’s database. 
 

Historical data from an individual hotel’s database are arranged as above. 

 

Appendix 5: an excerpt of the data to form the demand functions in 3.4.3. 

 

Check-in 
date 

Length 
of stay 

Number 
of rooms 

Total 
price 

Price for 
one night 

Type of 
room 

Number 
of nights 

4/3/2009 2 1 80 40 Double 2 
7/4/2009 1 2 90 45 Triple 2 

10/7/2009 3 1 106 35.33 Double 3 
22/9/2009 1 1 32 32 Single 1 

Source: partner hotel’s database. 
 

According to the initial plan, total price or price for one night could be regressed on the 

number of nights to get the demand functions. 
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Appendix 6: the SAS output for the parameter estimates of regression (2) without the hotels’ 

occupancy rates. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix 7: the SAS output for the parameter estimates of regression (2) with the hotels’ 

occupancy rates. 

 

         

 

 

 

 

Parameter Estimates 

Variable DF 
Parameter 
Estimate 

Standard 
Error t Value Pr > |t| 

Intercept 1 73.37814 4.91638 14.93 <.0001 
Single 1 -157.67499 4.63183 -34.04 <.0001 
Double 1 -129.84644 4.70591 -27.59 <.0001 
Suite 1 96.42051 4.44835 21.68 <.0001 
Twin 1 -167.40769 6.15497 -27.20 <.0001 
Deluxe Single 1 -12.93622 4.56023 -2.84 0.0046 
LOS 1 84.05127 0.54284 154.84 <.0001 
Availability 1 -1.49029 0.71525 -2.08 0.0372 
Winter 1 -13.72820 2.75569 -4.98 <.0001 
Spring 1 -3.66499 3.10014 -1.18 0.2372 
Summer 1 6.90900 2.78183 2.48 0.0130 
Event 1 -0.42183 2.17605 -0.19 0.8463 
BPA 1 0.06467 0.00710 9.11 <.0001 

R-Square 0.8705 
Adj R-Sq 0.8702 

F Value Pr > F 
2888.05 <.0001 

Parameter Estimates 

Variable DF 
Parameter 
Estimate 

Standard 
Error t Value Pr > |t| 

Intercept 1 -3.16566 28.47219 -0.11 0.9115 
Single 1 -185.09100 6.89901 -26.83 <.0001 
Double 1 -159.88630 6.90443 -23.16 <.0001 
Suite 1 72.02772 6.83396 10.54 <.0001 
Twin 1 -187.83781 8.15738 -23.03 <.0001 
Deluxe Single 1 -15.08765 7.20251 -2.09 0.0363 
LOS 1 80.81922 0.76367 105.83 <.0001 
Availability 1 0.96104 0.87654 1.10 0.2730 
Winter 1 14.77507 6.51060 2.27 0.0233 
Spring 1 10.08598 12.94157 0.78 0.4358 
Summer 1 -43.20791 10.14609 -4.26 <.0001 
Event 1 -0.26260 3.06778 -0.09 0.9318 
Places Occupancy rate 1 4.08390 0.87117 4.69 <.0001 
BPA 1 0.07949 0.09150 0.87 0.3850 

R-Square 0.8460 
Adj R-Sq 0.8454 

F Value Pr > F 
1278.19 <.0001 



 

Appendix 8: the residuals’ histogram for regression (2) without

 

The residuals seem to be distributed more normally than not. However, further numerical test 

is needed to clarify the situation.

 

Appendix 9: the residuals’ probability plot f

 

Again, one cannot make a definite conclusion about the residuals 

residuals’ histogram for regression (2) without the hotels’ occupancy rates.

The residuals seem to be distributed more normally than not. However, further numerical test 

the situation. 

residuals’ probability plot for regression (2) without the hotels’ occupanc

Again, one cannot make a definite conclusion about the residuals just from the graph.
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hotels’ occupancy rates. 

The residuals seem to be distributed more normally than not. However, further numerical test 

hotels’ occupancies.  

from the graph. 



 

Appendix 10: the SAS output for 

 
The normality hypothesis is clearly r

 

 

Appendix 11: the residuals’ histogram for regression (2) with

 

Even though the bell shape seems to form, no definite conclusion can be drawn from it.

 

 

Miscellaneous Statistics
Statistic Value Prob 

Normal Test 1388.6447 <.0001 Pr > ChiSq

SAS output for the Jarque-Bera normality test (no occupancies)

 

 

 

The normality hypothesis is clearly rejected as the JB-value is high and the 

histogram for regression (2) with the hotels’ occupancy rates

Even though the bell shape seems to form, no definite conclusion can be drawn from it.

Miscellaneous Statistics 
Label 

Pr > ChiSq 

86 

occupancies). 

the p-value is low. 

hotels’ occupancy rates. 

Even though the bell shape seems to form, no definite conclusion can be drawn from it. 



 

Appendix 12: the residuals’ probability plot for regression (2) with

 

The outcome is ambiguous as before. The Jarque

 

 

Appendix 13: the SAS output for 

 

 

The normality hypothesis is rejected based on the high JB

 

 

 

 

 

 

 

 

 

 

Miscellaneous Statistics
Statistic Value Prob 

Normal Test 1178.6271 <.0001 Pr > ChiSq

residuals’ probability plot for regression (2) with the hotels’ occupancies

as before. The Jarque-Bera test is required to tell more.

SAS output for the Jarque-Bera normality test (with the occupancies)

   

  

The normality hypothesis is rejected based on the high JB-value and the low p

Miscellaneous Statistics 
Label 

Pr > ChiSq 
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hotels’ occupancies. 

Bera test is required to tell more. 

occupancies). 

low p-value. 
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Appendix 14: the pair-wise correlations from regression (2) without the hotels’ occupancy 

rates. 

 

Pearson Correlation Coefficients, N = 5170 
Prob > |r| under H0: Rho=0 

  Availability 
LOS -0.05343 

0.0001 
 

 

Pearson Correlation Coefficients, N = 5170 
Prob > |r| under H0: Rho=0 

  Winter 
Spring -0.25426 

<.0001 
 

 

In every combination, the variables are significantly correlated. 

 

 

Appendix 15: the pair-wise correlations from regression (2) with the hotels’ occupancy rates. 

 

Pearson Correlation Coefficients, N = 3038 
Prob > |r| under H0: Rho=0 

  Availability 
LOS -0.05656 

0.0018 
 

 

 

 

 

 

 

 

 

 

 

Again, all pairs have the significant relationships between the variables. 

 

 

Pearson Correlation Coefficients, N = 5170 
Prob > |r| under H0: Rho=0 

  Single 
Double -0.42621 

<.0001 
 

Pearson Correlation Coefficients, N = 5170 
Prob > |r| under H0: Rho=0 

  LOS 
Event 0.26489 

<.0001 
 

Pearson Correlation Coefficients, N = 3038 
Prob > |r| under H0: Rho=0 

  Availability 
BPA 0.05071 

0.0052 
 

Pearson Correlation Coefficients, N = 3038 
Prob > |r| under H0: Rho=0 

  Winter 
Spring -0.21240 

<.0001 
 

Pearson Correlation Coefficients, N = 3038 
Prob > |r| under H0: Rho=0 

  Single 
Double -0.44667 

<.0001 
 

Pearson Correlation Coefficients, N = 3038 
Prob > |r| under H0: Rho=0 

  LOS 
Event 0.28024 

<.0001 
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Appendix 16: a plot of the squared residuals vs. the price (no occupancies). 

 

 
 

No obvious pattern can be observed. Therefore, one should look at the numerical test. 

 

Appendix 17: a plot of the squared residuals vs. the price (with the occupancies). 

 

 
 

As in the previous case, no clear trend is seen and therefore further tests must be done. 
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Appendix 18: the parameter estimates and heteroscedasticity-corrected variances when the 

hotels’ occupancy rates are not incorporated. 

 
 

 

 

 

 

 

 

 

 

 

 

 

The heteroscedasticity-corrected variances have no significant effect on the parameters. 
 

Appendix 19: the parameter estimates and heteroscedasticity-corrected variances when the 

hotels’ occupancy rates are incorporated. 

 
Parameter Estimates 

Variable DF 
Parameter 
Estimate 

Standard 
Error t Value Pr > |t| 

Heteroscedasticity 
Consistent 

Standard 
Error t Value Pr > |t| 

Intercept 1 -3.16566 28.47219 -0.11 0.9115 26.92856 -0.12 0.9064 
Single 1 -185.09100 6.89901 -26.83 <.0001 6.33385 -29.22 <.0001 
Double 1 -159.88630 6.90443 -23.16 <.0001 6.24659 -25.60 <.0001 
Suite 1 72.02772 6.83396 10.54 <.0001 7.78185 9.26 <.0001 
Twin 1 -187.83781 8.15738 -23.03 <.0001 6.31039 -29.77 <.0001 
Deluxe Single 1 -15.08765 7.20251 -2.09 0.0363 6.24895 -2.41 0.0158 
LOS 1 80.81922 0.76367 105.83 <.0001 0.82593 97.85 <.0001 
Availability 1 0.96104 0.87654 1.10 0.2730 0.60553 1.59 0.1126 
Winter 1 14.77507 6.51060 2.27 0.0233 6.15669 2.40 0.0165 
Spring 1 10.08598 12.94157 0.78 0.4358 12.45641 0.81 0.4182 
Summer 1 -43.20791 10.14609 -4.26 <.0001 11.42258 -3.78 0.0002 
Event 1 -0.26260 3.06778 -0.09 0.9318 2.96090 -0.09 0.9293 
Places Occupancy rate 1 4.08390 0.87117 4.69 <.0001 0.84789 4.82 <.0001 
BPA 1 0.07949 0.09150 0.87 0.3850 0.08941 0.89 0.3740 

 

The significance of the parameter values does not change after the remedial actions are taken. 

Parameter Estimates 

Variable DF 
Parameter 
Estimate 

Standard 
Error t Value Pr > |t| 

Heteroscedasticity Consistent 
Standard 

Error t Value Pr > |t| 
Intercept 1 73.37814 4.91638 14.93 <.0001 4.64708 15.79 <.0001 
Single 1 -157.67499 4.63183 -34.04 <.0001 4.00070 -39.41 <.0001 
Double 1 -129.84644 4.70591 -27.59 <.0001 3.98332 -32.60 <.0001 
Suite 1 96.42051 4.44835 21.68 <.0001 5.07898 18.98 <.0001 
Twin 1 -167.40769 6.15497 -27.20 <.0001 4.44158 -37.69 <.0001 
Deluxe Single 1 -12.93622 4.56023 -2.84 0.0046 3.41136 -3.79 0.0002 
LOS 1 84.05127 0.54284 154.84 <.0001 0.60164 139.70 <.0001 
Availability 1 -1.49029 0.71525 -2.08 0.0372 0.58441 -2.55 0.0108 
Winter 1 -13.72820 2.75569 -4.98 <.0001 2.71036 -5.07 <.0001 
Spring 1 -3.66499 3.10014 -1.18 0.2372 2.91438 -1.26 0.2086 
Summer 1 6.90900 2.78183 2.48 0.0130 2.87231 2.41 0.0162 
Event 1 -0.42183 2.17605 -0.19 0.8463 2.12728 -0.20 0.8428 
BPA 1 0.06467 0.00710 9.11 <.0001 0.00708 9.14 <.0001 
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Appendix 20: the lagged residuals vs. the residuals (without the occupancy rates). 

 

 

No clear signs of the correlated residuals can be observed. 

 

Appendix 21: the lagged residuals vs. the residuals (with the occupancy rates). 

 

 

As in the previous graph, no pattern of the correlated residuals is found. 
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Appendix 22: the LM-test for autocorrelation (without the occupancy rates). 

 

 

 

 

 

 

Up to all four lags the residuals are significantly correlated with each other. 

 

Appendix 23: the LM-test for autocorrelation (with the occupancy rates). 

 
Godfrey's Serial Correlation 

Test 
Alternative LM Pr > LM 
AR(1) 16.8647 <.0001 
AR(2) 52.4541 <.0001 
AR(3) 112.0969 <.0001 
AR(4) 125.5081 <.0001 

As well as before, the residuals are correlated at every lag. 

 

Appendix 24: correcting autocorrelation by the generalized least squares method (without the 

occupancy rates).  

 
Parameter Estimates 

Variable Label DF 
Parameter 
Estimate 

Standard 
Error t Value Pr > |t| 

Intercept Intercept 1 69.41576 4.76977 14.55 <.0001 
Single* Single* 1 -154.56555 4.62728 -33.40 <.0001 
Double* Double* 1 -126.69088 4.70071 -26.95 <.0001 
Suite* Suite* 1 97.40151 4.43848 21.94 <.0001 
Twin* Twin* 1 -164.45904 6.13501 -26.81 <.0001 
Deluxe Single* Deluxe Single* 1 -14.35497 4.53397 -3.17 0.0016 
LOS* LOS* 1 84.06627 0.56533 148.70 <.0001 
Availability* Availability* 1 -1.84007 0.72888 -2.52 0.0116 
Winter* Winter* 1 -13.92288 2.88153 -4.83 <.0001 
Spring* Spring* 1 -3.55694 3.24238 -1.10 0.2727 
Summer* Summer* 1 6.84658 2.91008 2.35 0.0187 
Event* Event* 1 -0.80461 2.26822 -0.35 0.7228 
BPA* BPA* 1 0.06573 0.00741 8.87 <.0001 

 

The generalized least squares method does not change the parameters’ significance. 

Godfrey's Serial Correlation 
Test 

Alternative LM Pr > LM 
AR(1) 12.1418 0.0005 
AR(2) 77.8113 <.0001 
AR(3) 163.4439 <.0001 
AR(4) 180.4306 <.0001 
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Appendix 25: correcting autocorrelation by the generalized least squares method (with the 

occupancy rates). 

 
Parameter Estimates 

Variable DF 
Parameter 
Estimate 

Standard 
Error t Value Pr > |t| 

Intercept 1 -7.47192 28.30182 -0.26 0.7918 
Single* 1 -178.45876 6.90350 -25.85 <.0001 
Double* 1 -153.15241 6.88730 -22.24 <.0001 
Suite* 1 76.31570 6.79118 11.24 <.0001 
Twin* 1 -181.36390 8.10704 -22.37 <.0001 
Deluxe Single* 1 -14.34738 7.08158 -2.03 0.0429 
LOS* 1 80.58367 0.81454 98.93 <.0001 
Availability* 1 0.36469 0.90316 0.40 0.6864 
Winter* 1 14.40484 6.97966 2.06 0.0391 
Spring* 1 9.40627 13.87390 0.68 0.4978 
Summer* 1 -44.41791 10.87703 -4.08 <.0001 
Event* 1 -0.08982 3.27563 -0.03 0.9781 
BPA* 1 0.08944 0.09807 0.91 0.3618 
Places occupancy rate* 1 4.16826 0.93381 4.46 <.0001 

 

There are no changes in the parameters’ significance after the remedial actions are taken. 

 

Appendix 26: a line plot of the single room prices distributed via Booking.com. 

 

 

The figure shows an obvious sign of a non-zero mean and a possible trend in the time series. 



 

Appendix 27: an autocorrelogram and 

 

The ACF is slowly declining and the PACF has 

is a sign of non-stationarity. 

 

Appendix 28: the Dickey-Fuller unit root test 

 

Augmented Dickey-Fuller Unit Root Tests
Type Lags Rho Pr < Rho
Zero Mean 0 -0.7326 0.5188
  1 -0.2008 0.6342
  2 -0.1068 0.6554
Single Mean 0 -28.4017 0.0006
  1 -13.8672 0.0416
  2 -8.6061 0.1716
Trend 0 -29.1234 0.0042
  1 -13.7441 0.1958
  2 -7.9199 0.5646

 

Since the time series have a non

sections of the table. At lags 1 and 2, no

 

Appendix 29: a mathematical formula to express 

 

, where 

                                                           
32 SAS/ETS® 9.22 User’s Guide (2010) 
http://support.sas.com/documentation/cdl/en/etsug/63348/HTML/default/viewer.htm#/documentation/cdl/e
n/etsug/63348/HTML/default/etsug_arima_sect008.htm

autocorrelogram and a partial autocorrelogram of the single room prices.

The ACF is slowly declining and the PACF has significant spikes through lags 1 and 2. That 

Fuller unit root test for the single room prices on 

Fuller Unit Root Tests 
Pr < Rho Tau Pr < Tau F Pr > F 

0.5188 -0.59 0.4557     
0.6342 -0.28 0.5820     
0.6554 -0.20 0.6108     
0.0006 -4.23 0.0012 8.95 0.0010 
0.0416 -2.62 0.0934 3.45 0.2033 
0.1716 -1.98 0.2949 1.96 0.5761 
0.0042 -4.19 0.0081 8.93 0.0010 
0.1958 -2.49 0.3296 3.39 0.5071 
0.5646 -1.76 0.7109 2.03 0.7732 

non-zero mean, one needs to look at the middle and the bottom 

of the table. At lags 1 and 2, non-stationarity cannot be rejected. 

: a mathematical formula to express the ARIMA (p,d,q) in terms of an equation

                   
SAS/ETS® 9.22 User’s Guide (2010) General Notation for ARIMA Models

http://support.sas.com/documentation/cdl/en/etsug/63348/HTML/default/viewer.htm#/documentation/cdl/e
n/etsug/63348/HTML/default/etsug_arima_sect008.htm [first accessed 06 August 2010].
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single room prices. 

 
significant spikes through lags 1 and 2. That 

 Booking.com. 

zero mean, one needs to look at the middle and the bottom 

ARIMA (p,d,q) in terms of an equation32. 

General Notation for ARIMA Models [Web Page]. URL 
http://support.sas.com/documentation/cdl/en/etsug/63348/HTML/default/viewer.htm#/documentation/cdl/e

06 August 2010]. 

http://support.sas.com/documentation/cdl/en/etsug/63348/HTML/default/viewer.htm#/documentation/cdl/en/etsug/63348/HTML/default/etsug_arima_sect008.htm
http://support.sas.com/documentation/cdl/en/etsug/63348/HTML/default/viewer.htm#/documentation/cdl/en/etsug/63348/HTML/default/etsug_arima_sect008.htm


 

t - indexes time.  

 - is the response series or a difference of the response series

 - is the mean term.  

 - is the backshift operator; that is

 - is the autoregressive operator, represented as a polynomial in the backshift operator: 

. 

 is the moving-average operator, represented as a polynomial in the backshift operator

. 

 is the independent disturbance, also called the random error

 

Appendix 30: the ACF and the PACF of the residuals from 

distributed through Booking.com.

 

All spikes (ACs and PACs) are below the grey area

Consequently, the residuals show no

 

Appendix 31: the Ljung-Box statistic

 

Autocorrelation Check of Residuals
To Lag Chi-Square DF Pr > ChiSq

6 3.38 5 0.6421
12 8.53 11 0.6656
18 10.04 17 0.9021
24 14.59 23 0.9086

 

Even though some p-values (such as those at lags 4 and 5) cannot reject autocorrelation, most 

of them do reject it either at the 

or a difference of the response series.  

is the backshift operator; that is, . 

is the autoregressive operator, represented as a polynomial in the backshift operator: 

average operator, represented as a polynomial in the backshift operator

the independent disturbance, also called the random error.  

the ACF and the PACF of the residuals from the model of the single room prices 

distributed through Booking.com. 

All spikes (ACs and PACs) are below the grey area, which means that they are insignificant

residuals show no signs of autocorrelation. 

Box statistic for the single room prices on Booking.com.

Autocorrelation Check of Residuals 
Pr > ChiSq Autocorrelations 

0.6421 0.011 0.011 -0.010 -0.131 0.165 -0.059 
0.6656 -0.152 0.078 0.142 0.098 0.038 -0.087 
0.9021 -0.024 0.029 -0.026 0.115 0.028 0.034 
0.9086 0.057 -0.170 -0.042 -0.104 -0.028 -0.038 

values (such as those at lags 4 and 5) cannot reject autocorrelation, most 

the 5% or at 10% acceptance level.   
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is the autoregressive operator, represented as a polynomial in the backshift operator: 

average operator, represented as a polynomial in the backshift operator:

model of the single room prices 

 
that they are insignificant. 

Booking.com. 

values (such as those at lags 4 and 5) cannot reject autocorrelation, most 
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Appendix 32: a relationship between the price and the booking time factor. 

 

 

Source: Booking.com. 

The prices are portrayed for a single night stay at a single room. One should look at the graph 

from the perspective of June 30th. Even though they are not constant, there is no expected 

decreasing pattern. On the contrary, the more distant the arrival date is, the more expensive it 

becomes (although not much).  
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